ABSTRACT

FAURE, QUENTIN DAVID. Novel Multi-Fidelity Multi-Physics Validation Methodology For
Transient Applications. (Under the direction of Maria Avramova and Kostadin Ivanov).

Validation is the process of assessing the degree to which the model is an accurate repre-
sentation of the reality. In single-physics modeling, validation protocols and guidelines have
been extensively researched and developed for both steady-state and transient scenarios, but
multi-physics modeling validation is still facing some challenges. This dissertation is aiming at
providing guidelines for multi-physics transient validation. The guidelines expand the valida-
tion hierarchy that starts with single-physics modeling followed by an incremental addition
of physics domains. At each step, the guidelines propose to rely on multi-fidelity modeling to
gain a higher understanding of the phenomenology being investigated but also to better under-
stand the capabilities of the models/codes and the limitations for this specific phenomenology
and scenario. To fully determine the degree to which the multi-physics model can predict
accurately the reality, a multi-level validation metrics/scores approach is developed with three
validation metric levels ("local", "intermediate", and "global") for the temporal aspect and
for the quantities of interest (Qol) as well. Therefore, a total of nine (three by three) validation
metrics/scores are used, allowing one to determine with consistency the differences between
predictions and measurements at multiple levels.

To demonstrate the guidelines the Organisation for Economic Co-operation and Devel-
opment/Nuclear Energy Agency (OECD/NEA) Multi-physics Pellet Cladding Mechanical In-
teraction Validation (MPCMIV) benchmark is selected with the first cold ramp test scenario
being investigated. A fuel rodlet is inserted inside the Studsvik R2 reactor while in operation
before shutting down the reactor shortly after (less than one minute of irradiation). Following
the guidelines, single-physics modeling is first investigated using three fuel performance (FP)
codes (FAST, OFFBEAT, BISON) and one thermal-hydraulics code (THM). Then, TH - FP and
FP - reactor physics (RP) couplings are developed and used to model the cold ramp test, with
Griffin being the RP modeling code. Finally, the cold ramp is investigated using an RP - TH - FP
coupling. Based on comparisons between predictions and measurements (cladding axial elon-
gation and coolant temperature), it is concluded that single-physics FP and TH - FP coupling
exhibit large discrepancies with the measurements partially originating from using a linear
heat rate (LHR) obtained by calorimetric technique (not suited for fast transient). Concerning
the RP - FP and RP - TH - FP couplings, they predict the measurements with good accuracy due
to predicting a more realistic LHR. Additionally, it is determined the RP - FP provides accurate

enough results to be used for uncertainty quantification (UQ) studies.



The propagation of input uncertainties to the Qols in a multi-physics context is also ad-
dressed as it is partially involved in validation but can also provide more information on the
predictions. A framework using low-fidelity models UQ and sensitivity analysis (SA) to inform
higher-fidelity models/codes UQ is developed. It is based on a consistent treatment of the
uncertain input nature (epistemic versus aleatoric). In the first step, Morris screening, a qualita-
tive SA method, allows the identification of a subset of influential inputs, which is then used for
anested UQ in the second step. The epistemic uncertainties are discretized into a full factorial
grid in the outer loop, while the aleatory uncertainties are sampled using Latin Hypercube
Sampling in the inner loop. In the third step, critical epistemic grid points are determined
based on an analysis of the results of the previous step and are then used in the last step to
perform Sobol SA (quantitative SA). Using the conclusions obtained, epistemic grid points
and aleatoric uncertainties of interest are selected and used for a more efficient UQ using the
high-fidelity model.

A second framework for UQ is also proposed which consists of identifying lower-level
couplings (or single-physics) to perform UQ studies. The feedback parameters are therefore
both Qols for some couplings and inputs for other coupling. The UQ studies are then performed
in an iterative manner as follows: (1) the input uncertainties are propagated and the feedback
parameters variations obtained, (2) these variations are then used as uncertain inputs, (3)
the input uncertainties are propagated, and so forth. The iterative UQ is performed until the
variation in the feedback parameters and all Qols have converged. The error between the
lower-level coupling UQ studies and the full coupling UQ is then estimated by comparing the
results obtained between the lower-level coupling and the full coupling for a few uncertain
input combinations.

The UQ first framework is also demonstrated using the first cold ramp test of the MPCMIV
benchmark, with FAST being the low-fidelity code and the RP - FP coupling being the high-
fidelity model. A total of 30 uncertain inputs are first selected and then characterized as aleatoric
or epistemic. After performing the four-step approach, two epistemic grid points with 32

aleatoric input combinations are selected for a more efficient RP - FP coupling UQ.
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CHAPTER

1

INTRODUCTION

1.1 General Background in Nuclear Reactor Modeling

For many decades, the modeling of nuclear reactor behavior has been performed using tra-
ditional single-physics codes, with three physics domains of particular interest: reactor physics
(RP), fuel performance (FP), and thermal-hydraulics (TH) which can be further subdivided
into system TH and core TH. In these codes, the physics domains not modeled are generally
implemented through boundary conditions (BC) or low- delity feedback models, leading to
results with lower accuracy but at a relatively low computational cost. However, with the recent
progress in code development and computational resources over the last decade, new codes
with higher delity, often called high- delity or novel modeling and simulation (M&S) codes,
have been developed. The main difference between traditional M&S tools and novel tools
originates from the modeling resolution. In the former, RP and TH modeling happens with
assembly and channel resolution (and also 1-dimensional (1D) system modeling for TH), while
in the latter, it is with pin and sub-channel resolution. Additionally, multi-physics modeling us-
ing novel tools involves coupling to FP codes while traditional multi-physics modeling involves
simplistic FP modeling [1]. A speci city of these newer codes is that they tend to be part of
frameworks aiming at multi-physics modeling. Two examplesin the U.S. are the Consortium for
Advanced Simulation of Light Water Reactors (CASL) Virtual Environment for Reactor Analysis



(VERA) and the Multiphysics Object-Oriented Simulation Environment (MOOSE)  [2, 3]. Both
frameworks are part of the Nuclear Energy Advanced Modeling and Simulation (NEAMS)
program under the U.S. Department of Energy Of ce of Nuclear Energy, which aims at the
development of advanced modeling for nuclear reactors with VERA focusing exclusively on cur-
rently operating light water reactors (LWRs) while MOOSE focuses on advanced next-to-build
reactors. Both frameworks are introduced in greater detail in Chapter 2.

Some examples of these new developments and codes are:

* RP:two-dimensional (2D) / 1D Method of Characteristics (MOC) used by MPACT [5] or

full core Monte Carlo,

* TH: Computational Fluid Dynamics (CFD) or three-dimensional (3D) subchannel mod-
eling used by CTF [6],

» FP: 3D discrete pellet modeling in FP modeling which can be used by Bison  [7].

In comparison, some examples of traditional codes are NEM (RP) [8], TRACE (TH)[9], and

FRAPCON (FP)[10], which rely respectively on nodal diffusion (RP), 1D system modeling (TH),
and 1.5D heat conduction with some deformation models (FP).

1.2 General Background in Veri cation and Validation

In computational engineering, veri cation and validation (V&V) are the two processes that
have been extensively developed which allow us to gain con dence in the results obtained by
a model [11]. In veri cation, several activities are performed to ensure that the mathematical
model is implemented and solved correctly, that the deviations from the analytical solutions
decrease as the mesh (temporally and / or spatial) becomes ner, and that the post-processing
is realized without errors. It also allows us to evaluate the numerical errors introduced by the
mesh discretization, the time discretization, and the solving algorithm. While veri cation can
be performed for an entire code, validation, on the other hand, is performed for a speci c
scenario with a speci ¢ model, and determines the degree to which the model is an accurate
representation of reality. To do so, the model predictions are compared to measurements using a
validation metric. The validation metrics used for the comparison are mathematical operators
taking as inputs the measurements and the code predictions. Additionally, the validation
metrics need to take into account measurement uncertainties, when available, and prediction
uncertainties, when available. For the latter, this implies that measured input uncertainties are
propagated through the model.



Once the validation activities are nished and con dence in the predictive capability of
the model is obtained, uncertainty quanti cation (UQ) is performed to obtain a higher un-
derstanding of the quantities of interest (Qol) behavior. In UQ, the input uncertainties are
propagated through the model and the uncertainties in the outputs are evaluated (some might
refer to that process as uncertainty propagation (UP)). Combining UQ with V&V led to the
creation of a new framework called VV&UQ [11].

Input uncertainties being at the core of UQ, a consistent treatment has been developed
where they are separated into three groups: epistemic uncertainties, aleatoric uncertainties,
or a combination of both  [12]. Epistemic uncertainties are de ned as uncertainties due to a
lack of knowledge, while aleatoric uncertainties are due to the inherent stochastic processes
that induce variations in the Qol or the measurement of the Qol. Aleatoric uncertainties are
generally well characterized due to being evidence-based, and their probability distribution is
known with some con dence. However, epistemic uncertainties need to be treated differently
since data about the input / parameter value or its uncertainty is missing. One possible way to
model them is to use an interval as explained in  [12]. Ultimately, it is the evaluator that decides
if the knowledge available for the uncertainty is enough to de ne them as aleatory, epistemic,
or a combination of both.

1.3 Motivation, Thesis Objectives, and Structure

Validation of novel M&S tools, especially in multi-physics modeling, is important but can
not be fully addressed using the current practices developed for traditional M&S tools due
to the high-resolution modeling of novel tools requiring high-resolution experimental data.
This challenge becomes even more complex when transient scenarios are investigated and
the temporal aspect also needs to be accounted for. Additionally, in multi-physics modeling,
the propagation of input uncertainties in the context of validation or for UQ can be extremely
challenging due to the potential large computational cost per simulation when using novel
tools and a large number of uncertain inputs.

In this work, guidelines for multi-physics transient validation have been developed and
can be used for both traditional and novel tools. The guidelines rely on a validation hierarchy
that starts with single-physics modeling followed by an incremental addition of physics do-
mains. Additionally, multi- delity modeling at each step is highly encouraged to gain a higher
understanding of the phenomenology involved and a multi-level validation metrics / scores
approach is proposed. The guidelines are then applied to the Multi-physics Pellet Cladding
Mechanical Interaction Validation (MPCMIV) benchmark cold ramp 1 exercise  [13].

The propagation of input uncertainties in a multi-physics context for validation purposes or



UQ is also investigated and new frameworks are presented. The frameworks rely on a consistent
treatment of the input uncertainties and leverage lower- delity UQ studies to inform higher-
delity UQ. Similarly to the guidelines, the frameworks are demonstrated using the MPCMIV
benchmark cold ramp 1 exercise [13].

In the following Chapters, the above objectives and work are presented in greater detail
as well as important background information about this work. In Chapter 2, more detailed
background information on nuclear reactor modeling is presented with an overview of each
physics of interest (RP, TH, and FP), followed by multi-physics modeling practices, framework,
and challenges. In this Chapter, the motivations behind this work are explained in greater detail
as well. Chapter 3 greatly describes the current practices for validation and UQ in scienti ¢
computing, RP modeling, TH modeling, FP modeling, and multi-physics modeling. Chapter
4 includes the proposed developed guidelines for multi-physics transient validation as well
as discusses frameworks developed for UQ in a multi-physics context. The case study for
applications of the guidelines and one UQ framework are presented in Chapters 5 and 6,
respectively. The MPCMIV benchmark cold ramp 1 exercise is used in both cases. Chapter 7
discusses a new potential approach for UQ in multi-physics modeling based on single-physics
modeling. Finally, the conclusion of this work and this thesis are presented in Chapter 8 as

well as some suggested future work.



CHAPTER

2

BACKGROUND ON MODELING OF
NUCLEAR REACTOR

In this chapter, an overview of the current practices for LWR modeling in single-physics
and then multi-physics is presented.

2.1 Single-Physics Modeling

2.1.1 Reactor Physics

RP modeling focuses on the neutron behavior by solving the Boltzmann transport equation,
also called the neutron transport equation (see Eq. 2.1), which is the governing equation for the
neutron density (or neutron ux) [14]. Due to its complexity and therefore large computational
cost to solve, the equation is sometimes simpli ed using approximations to arrive to the
neutron diffusion equation [14]. After solving either equation, the RP models can predict:
the eigenvalue which is the inverse of the multiplication factor, the feedback coef cients for
feedback parameters, the reactor power, the local power distribution radially (pin or assembly)
and axially, and the neutron uxes.
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n(r,E,”,t)is the neutron density, r the position in space, E the neutron energy, " the
direction, t the time, v the neutron speed,  the total cross-section, the scattering cross-
section, and s(r,E, "t ) the neutron source.

For more information on the neutron transport equation as well as the neutron diffusion
equation, the reader is encouraged to read [14].

Two main categories of RP codes exist based on how they approach the solving of the
neutron transport equation: Monte Carlo codes and deterministic codes. In Monte Carlo codes,
the neutron transport equation is solved from a probabilistic aspect, resulting in high-accuracy
predictions at the cost of a potentially large computational time. Additionally, Monte Carlo
codes are able to homogenize in space (such as an entire fuel assembly) and discretize into
energy groups (generally into a multiple of two) the material cross-sections (probability of
neutron interaction). Due to feedback parameters such as material density or fuel temperature,
impacting the cross-sections, the latter are parameterized based on the different feedback
parameter values. Such cross-sections are then used by deterministic codes.

Deterministic codes solve the neutron transport equation using assumptionsand  /or sim-
pli cations, which can have a large impact on the solution obtained. For example, the neu-
tron diffusion equation can provide a good approximation of the neutron density in some
cases but for highly heterogeneous materials, it lacks accuracy and is therefore not recom-
mended to be used. In those cases, the neutron transport equation is solved using various
discretization methods: discrete ordinate (SN) and /or spherical harmonics (PN) [14]. Due to
the large computational time required to solve the neutron transport equation with minimal
assumptions/ simpli cations, acceleration methods and new mathematical methods have
been developed such as coarse mesh nite difference (CMFD) and Method of Characteristic
(MOC) for example [15, 16].

In RP modeling, the model or code delity is generally based on the modeling resolution
(assembly homogenization (low- delity) versus pin homogenization (medium delity) versus
fully heterogeneous (high- delity)) as well as how many assumptions are used in solving the
neutron transport equation. Codes relying on the diffusion equation can be considered lower

delity, while codes solving the neutron transport equation directly are considered higher
delity.



Another aspect of RP modeling is depletion calculation, which computes the isotopic
compositions of materials during irradiation while solving the neutron transport equation.

2.1.2 Thermal Hydraulics

TH modeling is important for RP modeling due to providing feedback parameters for
the cross-sections such as coolant temperature, density, and void fraction. It is also of high
importance for safety concerns. In TH modeling, the coolant properties (temperature, velocity,
pressure, and others) are computed based on the inlet coolant properties as well as the outlet
pressure. For single-phase ow, i.e. the coolant is considered to have only one state (liquid
or gas), a total of three equations are solved: mass conservation equation (Eq. 2.2), linear
momentum conservation equation (Eqg. 2.3), and energy conservation equation (Eq. 2.4). In
two-phase ow (liquid plus vapor), each equation is solved for each phase, leading to a total of
six equations being solved. In some cases, the liquid phase is also subdivided into two elds:
(1) continuous liquid eld and (2) liquid droplet dispersed into the vapor phase eld. A total of
nine equations, three per eld, are then solved.

Ci")a+r (v)=0 (2.2)
@ VEr o ow= 1 (pl )+ f (2.3)
@@ W+r  ulv= r gq%r (C pl)v+q®% v f (2.4)

where is the density, Vv the velocity, p the pressure, | the unity tensor, ~ the shear forces
tensor, f the body forces (generally gravity g), u® the stagnation energy (internal energy plus
kinetic energy), q%the heat transport rate, and q°%he heat generated inside the uid being
considered. In these equations, the density, energy, velocity, pressure, shear forces, and heat
transport rate are the unknown being solved with some unknown being dependent on others:

for example, the density is a function of the pressure).

Two very important aspects of TH modeling are the heat ux and pressure drop calculations.
For the former, it is the energy being transmitted from a heated surface (i.e. cladding outer
surface) to the coolant. Its value in synergy with the coolant properties determines the behavior
of the gas bubbles formation (at the heated surface) as well as their behavior afterward (stay
on the surface or leave). Therefore, many safety calculations involve the computation of heat

uxes. For the pressure drop, many codes use simpli ed geometries and can not model all
the physical components inside the coolant channel (e.g. spacer grids). To solve this problem,



pressure drop coef cients have been evaluated using CFD codes and are then introduced into
the system of equations to model arti cially the physical phenomenon reducing the coolant
pressure. More information about TH modeling can be foundin  [17, 18].

In TH, model or code delity can be determined based on the number of dimensions being
modeled: 1D is considered low- delity while 3D is considered high- delity. It is important to
note that the highest possible delity is CDF modeling but it is extremely computationally
expensive.

2.1.3 Fuel performance

As aforementioned, the heat ux from the fuel rod and fuel temperature are important
parameters for TH and RP modeling, respectively, and are both computed by FP codes ideally.
In FP modeling, the heat conduction equation (see Eqg. 2.5) is solved as well as the mechanical
response of the fuel rod to diverse forces such as: creep (slow deformation due to stress),
thermal expansion, swelling, physical contact between fuel pellets and cladding, and pressure
difference between the coolant pressure and gap pressure.

Additionally, thermal and mechanical material properties tend to degrade during long
irradiation, resulting in a signi cant impact on the fuel rod behavior.

@r(r,t)

Cp(r,T)T=r k(r,T) T(@,t)+qg%,t) (2.5)

is the density, c,(r,T)the heat capacity, r the position, T the temperature, t the time,
k (r,T) the thermal conductivity, and q%f ,t) the heat source.

Despite the recent advancements in FP modeling at the engineering scale, some important
phenomena affecting the fuel rod behavior are still not fully understood and characterized. A
well-known example is the pellet cladding mechanical interaction (PCMI) which happens when
the fuel pellets come into contact with cladding and it is the consequence of the interplay of
various physical phenomena such as thermal expansion of the fuel and cladding, fuel swelling,
fuel relocation or cladding creep. Under PCMI, the stresses generated on the cladding can
lead to cracks and potential cladding failure, while the fuel axial elongation is partially being
transmitted to the cladding due to bonding or friction effects. PCMI-related failures are of
concern for LWR operation during power ramps (start-up and load-follow maneuvers) but
also during transient accident scenarios, when rapid changes in fuel temperatures can lead to
signi cant thermal expansion of the fuel. On the other hand, the heat conduction is solved
without too much challenges.

These dif culties in fully characterizing FP phenomena originate from the lack of exper-
imental data fully characterizing the fuel rods before and after irradiation, but also because



it is almost impossible to obtain measurements of certain phenomena happening during
irradiation. Ultimately, these challenges result in FP modeling being considered not as mature
as RP and TH modeling in traditional multi-physics simulations of nuclear reactors.

To evaluate the predictive capability of the model, comparisons against measurement are
performed and in many cases, it uses post-irradiation measurements of quantities such as:
burnup, ssion gas release (FGR), creep, oxide layer, internal pressure, total rod free volume,
permanent strains, ballooning, and cladding failure. In very few cases, measurements such as
cladding axial elongation are available during irradiation as well.

The delity of FP models or codes originates from the dimensionality of the mesh and
the modeling of the fuel pellet. Low- delity codes with 1.5D modeling approach, for example,
model accurately in the radial direction (from the center of the fuel towards the coolant) but use
simpli cations and assumptions for the axial phenomena. 2D and 3D modeling are considered
higher delity, but the main difference between medium and high- delity modeling in those
cases comes from the use of smeared or discrete pellets modeling. In smeared pellet modeling,
the pellets are considered as perfect cylinders and can be considered as one long pellet. In
discrete pellet modeling, both the dish and chamfers are meshed accurately and each pellet is
meshed individually. Additionally, model delity can also originate from the physical models
used: for example, fuel creep is not modeled in many cases.

2.2 Multi-Physics Modeling

In multi-physics modeling, RP, TH, and FP can be involved with the goal of accurately
modeling feedback parameters for each physics. Using the aforementioned physics, multiple
coupling can be developed:

¢ RP - TH coupling: RP sends the power and radiation heating to TH and receives coolant
temperature, density, void fraction, and fuel temperature from TH (in this coupling the
heat conduction equation is generally solved by the TH code),

* RP - FP coupling: RP sends the power to FP and receives the fuel temperature from FP,

* FP - TH coupling: FP sends heat ux at the cladding outer surface to TH and receives the
cladding outer temperature from TH,

* RP-FP - TH coupling: RP sends the radiation heating to TH and receives coolant tem-
perature, density, and void fraction from TH; RP sends the power to FP and receives the
fuel temperature from FP; and FP sends heat ux at the cladding outer surface to TH and
receives the cladding outer temperature from TH.
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It is very important to note that the data exchanged between two models varies based on
the codes used. For example, in traditional M&S tools, the data exchanged are de ned as a
single radial value at a pin level (i.e. a single equivalent fuel temperature is sent to RP at each
axial level) hence leading to less accurate predictions. For novel M&S tools, such an approach
can also be used but for some codes, it is possible to send radially and axially distributed
variables (i.e. the FP model sends the computed temperature distribution inside the fuel to the
RP model), hence resulting in higher prediction accuracy.

Finally, multiple types of coupling exist and are differentiated based on the timing of data
exchanged. Explicit coupling refers to coupling where data are exchanged at the end of the
time step of each code, while in implicit coupling, the data are exchanged during the time step,
hence solving both physics equations simultaneously.

2.2.1 Multi-Physics Framework Examples

As aforementioned, novel M&S tools tend to be part of a framework with the goal of multi-
physics modeling such as CASL-VERA and MOOSE. In the following subsections, both frame-
works are introduced.

CASL-VERA

The main goal of CASL-VERA is to provide a higher understanding of LWR behavior in
steady-state and transient scenarios, allowing us to determine safety margins with higher
accuracy, ultimately resulting in more optimized reactor designs, fuel designs, and reactor
operations. Figure 2.1, taken from [19], presents the capabilities as well as the codes used
in VERA. Even though a lot of progress has been made toward achieving CASL-VERA goal,
there are still some challenges that need to be overcome as seenin [20, 21] where a one-way
coupling between MPACT - CTF and Bison has been developed followed by a two-way coupling
a few years later [5, 6, 7]. Both couplings only serve as screening purposes for PCMI due to
the use in Bison of smeared pellet and later 1.5D modeling options, which are motivated by
the computational cost. These illustrate some of the dif culties of having high- delity fully
coupled multi-physics simulations. Even though some computational problems still need to
be resolved, VERA is moving toward its goal and is one of the leaders in this aspect. As shown
in [22], the capabilities of VERA have been evaluated and its weaknesses have been identi ed.

MOOSE

MOOSE is a framework developed at Idaho National Laboratory (INL), U.S., with the speci-
city of sharing the same source code structure across its codes, hence allowing an easy coupling
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Figure 2.1: CASL-VERA Code Suite[19].

between them. It uses the nite element method to numerically solve physics problems such

as solid mechanics, heat conduction, radiation transport, thermal-hydraulics, diffusion, seis-
mic, etc. Additionally, it relies on the Newton or Preconditioned Jacobian Free Newton Krylov
(PJFNK) preconditioners (others are available as well) as well as the non-linear solver package
PETSc[23]. Figure 2.2, taken from [24], shows how one can develop multi-physics modeling
in MOOSE with each MultiApp being a code with the same or a different physics. Since 2008
(the start of MOOSE development), the number of MOOSE-based codes has been increasing
and now covers RP, TH, and FP. Some of these codes that are of interest here are Bison (FP) and
Grif n (RP) as well as the Thermal-Hydraulics Module (THM)  [7, 25, 26]. Even though MOOSE
offers an easier environment for coupling, challenges ranging from scalability between codes
(geometry, time step, etc.) to convergence problems still exist. Some examples of multi-physics
(RP - FP - TH) simulations using the MOOSE framework can be seenin [27, 28] where a heat pipe
cooled micro-reactor and a high-temperature test reactor are modeled. Picard interactions in
pseudo-transient are used in both examples to remove some convergence instabilities: in this
type of coupling, the temperature is very sensitive to multiple variables leading to convergence
problems as explained in [28]. Similarly to VERA, the MOOSE framework is always moving
toward the goal of fully implicit coupled high- delity multi-physics modeling.

Bison, the rst MOOSE-based code, is a FP code leveraging the nite element modeling
approach of MOOSE to propose 1D, 2D, and 3D modeling of fuel rods. Having a large number of
physical models and fuel properties being implemented, it can be used to model a wide variety
of fuel types, such as uranium oxide and mixed oxide. Because of these modeling capabilities
(meshing and physics models), Bison is considered a high- delity FP code.

Grif n, the RP codes within the MOOSE framework, also leverages the nite element mod-
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Figure 2.2: MOOSE modeling structure [24].

eling approach of MOOSE to allow the modeling of a wide range of reactor designs and ex-
periments. Most RP problems, such as eigenvalue calculation, adjoint, transient, and xed
source calculation, can be solved with Grif n using the diffusion equation or with methods to
solve the transport equation such as SN or PN approaches. Due to being part of the MOOSE
framework, Grif n has access to the public heat conduction module of MOOSE. This allows
Grif n to determine a more accurate temperature distribution within the fuel compared to
traditional RP modeling which relies on a unique fuel average temperature per rod.

THM is another public module within MOOSE, aiming at single-phase uid modeling.
Contrary to Grif n and Bison, THM relies on 1D components for TH system modeling. Similarly
to Bison, it offers a wide variety of components, coolant properties, and physical models (e.g.
friction, heat transfer, etc.) allowing it to model multiple uids, systems, and scenarios.

2.2.2 Challenges in Multi-Physics Modeling

Numerous validation practices have already been developed for traditional M&S in coupled
simulations [29]. Some examples can be found in multiple Organisation for Economic Co-
operation and Development /Nuclear Energy Agency (OECD/NEA) benchmarks focusing on
multi-physics modeling, where the general approach consists of rst performing single-physics
modeling comparisons to measurements before moving to multi-physics modeling activities
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with comparison against measurements. However, these new high- delity coupled simulations
cannot be fully validated using the validation processes already developed [1]. One of the
reasons is that with higher- delity modeling, comparison with high-quality and high-resolution
experimental data is needed such as pin or sub-pin resolutions. The other reason comes from
the lack of validation data for feedback parameters between physics domains. Therefore, the
current approach for the validation of multi-physics modeling faces some challenges. A review

of the current practices used in multi-physics validation is provided in [30], where it is shown
that in some cases, the validation activities are not performed using comparisons against
measurements but are closer to veri cation activities.

To address this challenge, the OECD/ NEA is developing new multi-physics benchmarks
with the goal of multi-physics validation for novel and traditional tools, such as the MPCMIV
and TVA Watts Bar Unit 1 (WB-1) Multi-Cycle benchmarks [1, 13, 31]. The MPCMIV benchmark
is introduced in more detail in Chapter 3 and focuses on transient modeling validation for
novel and traditional tools. TVA WB-1 benchmark, on the other hand, is aiming at validation
guidelines for multi-physics cycle depletion.

Additionally, to partially tackle these validation challenges, VERA relies on a thorough and
consistent approach composed of ve steps and driven by challenge problems such as PCMI
[22]:

» Step 1: the phenomena involved in the challenge problems are identi ed and ranked,

Step 2: the modeling requirements needed to model the phenomenon are identi ed,

Step 3: these requirements are assigned to the proper VERA code that can model them,

Step 4: the codes and modeling capabilities credibility is assessed,

Step 5: the Predicative Capability Maturity Model (PCMM) which assesses the code(s)
capability and validation is applied [32]

In PCMM, six elements are evaluated: representation and geometry delity, physics and
materials model delity, code veri cation, solution veri cation, model validation, and UQ and
SA. Each of these elements is evaluated using a maturity index ranging from 0 to 3. In the case
of validation, a maturity index of O corresponds to relying on judgment or few comparisons
with measurements, while a maturity index of 3 corresponds to: (1) relying on experiments
closely related to the application of interest with all important Qol(s) being involved, (2) the
experimental uncertainties are well documented and (3) an independent peer review of the
validation is performed. PCMM is used by VERA to identify areas of future development to
achieve their goal. A similar approach is also used for the validation of COMSOL Multiphysics
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[33]. It consists of evaluating the accuracy, completeness, and representation between 1to 5
(5 being the best) and then using an energy, or level of validation, metric an overall score is
obtained. This practice is applied to each physics gaining a score on the same scale, hence
obtaining an evaluation of the overall code validation.

Concerning UQ, multi-physics modeling involves a much larger uncertain input subset
compared to single-physics modeling due to involving more physics with each having its
own input uncertainties. In many UQ methods, the number of sampling is based on the
number of uncertain inputs, leading to multi-physics UQ being extremely challenging in that
regard, but also because of the inherent multi-physics modeling challenges (convergence
and computational cost). Adding to these the larger computational cost of novel M&S tools,
UQ becomes almost impossible. Hence, new approaches with higher ef ciencies UQ in a
multi-physics context are needed.
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CHAPTER

3

BACKGROUND ON CURRENT VALIDATION
PRACTICES

The problem of validation in computational engineering has been documented for many
decades with some publications mentioning it back in the 1960s  [34]. In [34], validation was
considered as the ability to predict the response of a system by using some “goodness of t”
measures (comparison of the mean, variance, etc.). This rst attempt at providing a methodol-
ogy for validation (which is closer to a methodology for V&V altogether) had some aws but set
the foundations for future developments of validation practices.

In 1979, the Society for Computer Simulation proposed to de ne a framework for address-
ing the credibility of a simulation  [35]. They proposed a visual representation for the process
gaining con dence in the credibility of a simulation, see Figure 3.1, and gave de nitions of
concepts involved and surrounding V&V. An analysis of the reality leads to the creation of
a mathematical model (conceptual model) describing it. The mathematical model is imple-
mented into a computer through programming by making some assumptions, approximations,
and simpli cations, creating the computerized model (or computational model). Then the
computerized model predicts the real world through a simulation. The quali cation process
was de ned as the “determination of adequacy of the conceptual model to provide an accept-
able level of agreement for the domain of intended application”  [35]. Model veri cation model
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was de ned as: "substantiation that a computerized model represents a conceptual model
within speci ed limits of accuracy” [35]. Model validation was de ned as: “Substantiation
that a computerized model within its domain of applicability possesses a satisfactory range of
accuracy consistent with the intended application of the model” [35]. However, this view of
the validation process was not shared by the entire scienti c community before 1979 but also
afterward. Kleindorfer proposes a detailed review of the different concepts of validation that
have been published before 1998 as well as some of the philosophical views on the subject [36].
Additionally, Sargent explained that the history of validation can be divided into three periods
[37]. Before 1970, validation was a new concept that appeared but was not widespread, and
different early de nitions and approaches were created. From the 1970s to the 1980s, validation
received a lot more attention from computational communities or societies, and validation
discussions or presentations at conferences or workshops were made. A lot of efforts were
made to develop terminologies and practices. This era is called by Sargent the “awareness era’
[37]. After 1990, the “modern era’ started with the appearance of more robust and consistent
validation processes, and the validation process became mandatory in many computational
communities or societies.

Figure 3.1: Visual representation of the framework for the credibility of a simulation [35]

Since the 1990s, a lot of the work performed by Oberkampf, sometimes applied to CFD,
has been a cornerstone in validation practices [38, 12, 39, 40, 41]. Validation is de ned as
“the process of determining the degree to which a model is an accurate representation of the
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real world from the perspective of the intended uses of the model”  [38, 40]. This de nition
encompasses multiple important aspects of validation:

« Validation is not an either /or question,

» There is the concept of comparison between the computerized model (or computational
model) and the real world using appropriate validation metrics,

« Validation is conducted for a speci ¢ scenario being modeled and generally not for a
code.

A step-by-step validation process consists of rstidentifying and quantifying errors and
uncertainties in the conceptual model and computational model, numerical errors in the
computational solution, and uncertainties in the experiments (the error quanti cation is
part of the veri cation step). Once all the errors and uncertainties have been identi ed and
guanti ed or estimated, a comparison between computational results and experimental data
can be performed using a validation metric to assess the accuracy of the computational model.

Before further describing validation metrics in the following section, validation experiments
are quickly introduced because they are an essential part of the validation process. They
differ from traditional experiments in that the latter prioritizes measurements in a controlled
environment while validation experiments prioritize the characterization of the experiment
by extensive measurements (geometrical data, BCs, reactor state, coolant conditions, etc.,
with uncertainties from measurement techniques and in measured values). The objective is
to provide as much data as needed about the experiments hence allowing the most accurate
modeling possible.

3.1 Validation Metrics

3.1.1 De nition

Validation metrics being at the core of validation, they have been largely researched. They
allow one to obtain a single positive value of the comparison between computational pre-
diction(s) and measurement(s). Early validation metrics consisted of graphical comparisons
providing only qualitative results rather than quantitative results. More recently, Oberkampf
proposed a more thorough and consistent approach to validation metrics by de ning them as
mathematical operators with two inputs: the experimental data and the computational model
results, and with the following mathematical properties  [38]:

1. They are equal to zero only if the prediction(s) is /are identical to the measurement(s),
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2. They are always positive,

3. They are symmetrical (i.e. if the prediction(s) and the measurement(s) were swapped,
then the validation metrics should provide the same results),

4. They should respect the triangular inequality (i,e. d(x,y) d(x,z)+d(y,z)with d the
metric).

Additionally, Oberkampf provided conceptual properties that validation metrics should
have [38, 41].

1. The numerical error in the computational model result should be explicitly included
using bounds for example or excluded if deemed small. In the latter case, this would
simplify the comparison and therefore this option seems preferential.

2. The predictive accuracy of the computational model for a speci ¢ Qol should be quan-
titatively evaluated. In this evaluation, all the modeling assumptions, parameters, and
physics approximations should be included. It is important to note that the validation
metric is for a speci ¢ Qol, and therefore multiple metrics should be used for different
Qols. The inclusion of the modeling assumptions, parameters, and physics approxima-
tions means that the input uncertainties should be propagated to determine the Qol
uncertainties.

3. Any errors in the post-processing of the experimental data should be included implicitly
or explicitly.

4. Errors in the observations (or measurements) should be included explicitly. An example
of an error in observations is the consistent overestimation of the measured value by the
measurement technique.

5. The validation metrics should depend on the number of experimental observations real-
ized. Multiple cases can be differentiated: multiple observations for the same experiment,
multiple observations from multiple experiments, and multiple observations for different
parameter values.

6. The validation metrics should exclude any judgment of adequacy, i.e., “good”, “excellent’,
etc.

According to these properties, the errors and uncertainties in the computational model Qol
and the experimental data should be included in the validation metric. Errors can be de ned as
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the difference between the real value and the computed or measured value, while uncertainties
are due to input / parameter variations.

Most of the validation metrics used can be categorized into four categories according to
[42]:

1. Hypothesis testing metrics where the consistency between the computational model
predictions and the observations is tested based on the consistency (probability) level. In
other terms, the hypothesis that the predictions and the observations are the same within
a certain consistency level is tested. The consistency level can be seen as the allowed
differences between predictions and observations within which the hypothesis is true.

2. Bayes Factor metrics, which are based on Bayesian hypothesis testing, consist of evaluat-
ing if the experimental data originates from one of the computational model predictions.
The main difference between hypothesis testing and Bayes Factor metrics is that the
former only tests the null hypothesis (are the predictions and observations the same)
while the latter uses both the null hypothesis and its alternative hypothesis (i.e. are the
predictions and observations different).

3. Frequentist's metrics evaluate the distance between the computational model predicted
mean and the measured mean. Here, con dence intervals are used to address the small
number of observations.

4. Area metrics compute the area between two cumulative density functions (CDFs) (obser-
vations and computational model predictions) or p-boxes (collections of CDFs).

The following subsections present some validation metrics developed for deterministic
and probabilistic problems, dynamics problems, and correlated outputs.

3.1.2 Metrics for Deterministic Problems

The metric developed for determinism cases (i.e. no uncertainties in the observation and
in the prediction) is relatively straightforward: the absolute value of the difference between
computational model prediction and observation is used, see Eq. 3.1  [43].

d=jP Mj (3.1)

P is denoting the prediction and M the measured value.
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3.1.3 Metrics for Probabilistic Comparisons

Contrary to the determinism case where the computational model prediction and observa-
tion are single values, the probabilistic case is characterized by the presence of uncertainties in
the observations and / or predictions. The Qol can then be represented by a CDF or sometimes
a collection of CDFs (if no uncertainties are present for the observation or the prediction, then
a vertical CDF is used).

An example of validation metrics for probabilistic cases is the Kolmogorov-Smirnov Test
(see Eqg. 3.2)[43]. It consists of computing the maximum vertical distance between the measured
and predicted CDFs:

sz=SlipJ'P(X) M (x)j (3.2)

where P : x 2R! [0,1] denotes the predicted CDFand M :x 2R! [0,1] the measured CDF
Another example is the area validation metric based on the Minkowski L1 norm which can be
used when the predictions and measurements are described by a single CDF each [12].

Z .,

lq(P,M)= JP(x) M (x)dx (3.3)
1

Finally, a last example is the validation metrics developed by Oberkampf when the predic-
tions and measurements are described by p-boxes [38, 44).

Z .,
d= ([PL(X), Pr(X)], [ML(X),Mg(X)])d X (3.4)

U.,V)=mingapseja bj (3.5)

where P is the predictions, M the measurements, L and R the right and left p-box bound, and

the smallest distance between the two intervals. In the cases where both predictions and
measurements are described by a single CDF, then this metric is equivalent to the Minkowski
L1 norm.

In some cases, the validation metrics are not as straightforward as comparing measure-
ments and predictions. In  [38], the example where multiple measurements and a deterministic
prediction are available is analyzed. In this speci c, the validation metric should be on the
true difference between the true mean of the population and the prediction. Therefore, the
problem is oriented toward nding intervals of con dence for the true mean. We can de ne,
the estimated difference between the prediction y,, and the sample mean vy, by:
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E=Yn Ve (3.6)

The true difference between the prediction and the true population mean is also de ned
similarly by:

E=Ym (3.7)

According to [38], itis possible to determine a con dence interval for the true population

mean:
_ S _ S
Ye tzz,ﬁﬁ< < ye+t:2,p% (38)
where n is the number of sample, S the standard deviation of the population, and t is the
probability distribution with =n 1degrees of freedom of the variable:
T= £p: (39)
S=n

t-, is dened as the value of T for which the integral of T from t-, to+1 is =2.
Therefore, a con dence interval for the true difference  E is obtained:
~ S ~ S
E tzz'ﬁ%<E<E+t=2’ﬁ% (3.10)
This con dence interval is symmetrical around the true difference and relies on the hypoth-
esis that the measurement uncertainty follows a normal distribution, which is not necessarily

true, but in many cases is a common assumption.
More validation metrics for probabilistic comparisons are presented in [12, 43, 38.

3.1.4 Metrics for Dynamic Scenarios

The metrics developed for time-depend deterministic cases are relatively straightforward.
The Minkowski norm, see Eqg. 3.11, or the root mean square (RMS) error, see Eg. 3.12, can
be used where i represents a specictime, M =fM,M,,M3;,...,Mygand P = fP;,P,,P;,...,Pyg
represent the sets of observations and predictions [43]. For the Minkowski norm, using p = 1or
p = 2leads to the L1 norm (similarly to Eq.3.3) or Euclidean norm /distance, respectively. It is
important to note that both the Minkowski norm and the RMS error validation metrics can be
used for deterministic time-independent problems where multiple observations / predictions
are available (for example: temperature in location 1, location 2, etc.).
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For probabilistic cases, the validation metrics can also be adapted as seen in Eq. 3.13 for the

Kolmogorov-Smirnov Test (assuming that the observations at each time are independent)  [43]:

dis=supsupjP (x) M;(x)j (3.13)
t X

where P, : x 2R! [0, 1] denoting the predicted CDF attime index i and M;:x 2R! [0,1]the
measured CDF at time index i.

Many validation metrics for dynamics problems can be characterized as feature-based
metrics meaning they use different features of the computational model predictions and the
observations at speci c times as seen in the Minkowski L1 and RMS examples where discretized
values in time for both the predictions and the observations are used  [45].

Rebba and Mahadevan developed a reliability metric, see eq. 3.14, based on the probability
that the distance between the computational model predictions and the observations is below
a certain accuracy (or con dence) [46].

r=P( <d<+) (3.14)

isthe user selected accuracy and d the distance between computational model predictions
(see eq. 3.1). It is important to note that when uncertainties in the computational model
predictions and / or observations are present, the distance is not a single value but a set of
values, one for each stochastic computational model prediction and observation distance.
In other term, the absolute differences between each prediction and each measurement are
computed and the reliability validation metrics can then be treated as having an uncertainty.
Based on this metric, Ao developed the Instantaneous Reliability Metric, a time-dependent
metric, and the Accumulated Reliability Metric  [45]. In the Instantaneous Reliability Metric,
the reliability metric is computed at each time step and therefore becomes a time-dependent
metric. The Accumulated Reliability Metric, on the other hand, consists of adding all the
Instantaneous Reliability Metrics and dividing them by the number of time steps (equivalent
to the temporal mean of the Instantaneous Reliability Metric).
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3.1.5 Metrics for Correlated Outputs

In many cases, multiple Qols are used for the validation activities. For correlated Qols with
uncertainties present in both the computational model predictions and the observations, Li
investigated a validation metric based on probability integral transformation (PIT) [47]. The
PIT theorem states that for any random variable X with the associated CDF Fy (x), the PIT of X
is a random variable Y with uniform distribution obtained using:

Y = F,(X) (3.15)

Using this transformation, and applying it to both the computational model predictions
and the observations, Li obtains two univariate distributions between [0, 1] and then uses an
area metric as a validation metric. This strategy allows Li to arrive to a single value for the
validation metrics for multiple correlated Qols.

3.2 Uncertainty Quanti cation

The propagation of input uncertainties is sometimes part of the validation as explained
above but not systematically. In many cases, UQ is performed to obtain more information
on predictive capabilities of the code as well as to assess safety margins. A general approach
regarding validation and UQ consists of rst performing a deterministic computation and
comparing the results obtained to measurements using a validation metric. Then, input uncer-
tainties (measured and none directly related measured) are propagated and a new comparison
of the results to measurements is performed.

The rst step in UQ consists of identifying all possible sources of uncertainty [12]. In scien-
ti c computing, uncertainties can originate from the physics models used (parameters and
approximations) and the model inputs (geometry, boundary, and initial conditions).

In the second step, characterization of the uncertainties based on their natures is performed
with aleatoric uncertainties typically de ned by their CDF or probability density functions
(PDF) (for example normal distribution) and epistemic uncertainties which can be de ned as
an interval where the true value lies within.

The uncertainties are then propagated in the third step. Different sampling approaches
can be used depending on the nature of the uncertainties being considered:

» Epistemic uncertainties only: since there is no probability associated with the input
values (if intervals are used), a full factorial grid or sparse grid sampling can be used and
a range of possible Qol values is obtained.
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 Aleatoric uncertainties only: multiple sampling techniques have been developed such as
Latin Hypercube Sampling (LHS) and a PDF or CDF is obtained for the Qol.

For a combination of epistemic and aleatoric uncertainties, a nested approach can be
used according to [12], with the epistemic uncertainties sampled on the outer loop while the
aleatoric uncertainties are propagated in the inner loop. Each epistemic inputis rst discretized
over its possible range of values. Using the discretized space, a full factorial grid of epistemic
points is generated with the objective of performing aleatoric uncertainty propagation (UP) at
each grid point. The same aleatoric sampling is used from one grid point to another to allow
a higher comparison consistency of the results between each grid point. To perform the UP,
many sampling methods exist such as LHS. Using the UP results, the Pearson and Spearman
coef cients can be obtained at each epistemic grid point  [48]. The Pearson coef cients are
a measure of the linear correlation between the inputs of interest and the Qol. The possible
values range from -1 (perfectly linear but opposite trends) to 1 (perfectly linear with the same
trend) with a value of 0 meaning no correlation at all. The Spearman coef cients are similar
to the Pearson but computed between the ranks of the inputs of interest and Qol. It is a
measure of the rank correlation between the inputs and Qol, hence re ecting a potential
monotonic relationship between the former and the latter. The Spearman coef cients are
therefore between -1 and 1 as well. An analysis of the Pearson and Spearman coef cients at
each grid point can provide some information on the effects of the aleatoric and epistemic
inputs on the Qol.

At each grid point, a CDF can be constructed for the Qol. Each CDF depends only on the
aleatoric uncertainties, but each CDF is different based on the epistemic combination. Using
all the grid point CDFs, it is then possible to build a p-box (the contour of all the CDFs). It
represents the minimal and maximal possible distribution for the Qol. A small p-box indicates
the low effect of the epistemic uncertainties while large p-boxes show the high impact of the
epistemic uncertainties.

Figure3.2 shows a schematic of UQ in the presence of epistemic and /or aleatoric uncer-
tainties. Full grid factorial sampling and LHS sampling are used for epistemic and aleatoric
uncertainties, respectively.

For more information on input characterization and UQ theory, the reader is highly en-
couraged to read the work of Smith [49].

3.3 Sensitivity Analysis

UQ studies, which can be performed for validation purposes or to obtain more information
on the Qols, are often dependent on the number of uncertain inputs. Therefore, in some cases
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(B)

Figure 3.2: UQ in the presence of: (A) epistemic or aleatoric uncertainties only, (B) a com-
bination of epistemic and aleatoric uncertainties. The sampling is performed using full grid
sampling and LHS for the epistemic and aleatoric uncertainties respectively.
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where large numbers of uncertain inputs are present, SA can provide useful information. For
example, Morris Screening and Sobol method allow determining the impact of each uncertain
input on the Qols, which ultimately can lead to the identi cation of a subset of in uential un-
certain inputs. The former is generally less computationally expensive and is used for screening
purposes while the latter provide quantitative results at a much higher computational cost.
Therefore, both methods can provide insightful information allowing one to perform a more
ef cient UQ.

Morris Screening and Sobol method are described in greater detail in the following subsec-
tions. For more information on SA and various SA methods, the reader is encouraged to read
[49, 50].

3.3.1 Morris Screening

As stated above, the Morris screening method can be performed to reduce the number of
uncertain inputs. In this method, each uncertain input is discretized over its possible range of
value [51]. A random combination of all the uncertain inputs is selected and a xed number of
One At a Time (OAT) simulations are performed: one uncertain parameter is changed at a time
while the others are xed. Then, using another random combination, the same xed number
of OATs are performed. This process is repeated n times leading to n(k + 1) simulations, with
n being at least 10 and k being the number of uncertain inputs. At each OAT, the elementary
effect of the j -th variable (uncertain input) obtained atthe i -th repetition for a function (here
representing the code) f : X 2RY! Ris:

E_i:f(Xi+ ) f(X1)
J ej

(3.16)

where X ! is the i -th combination of input variables X , the variation ofthe j -th variable, and
€ avector of the canonical base. Itis then possible to determine the mean, the mean of the
absolute values, and the standard deviation as seenin Eq. 3.17, 3.18 and 3.19, respectively, of the
elementary effects. The mean of the absolute values is generally preferred to the mean because
in the latter, opposite effects cancel each other. The mean of the absolute value measures
the in uence of j-th input variable on the Qol while the standard deviation measures the
non-linearity and / or interaction effects. Therefore, it is possible to distinguish between the
uncertain inputs that have negligible effects on the Qol, large linear effects without interactions
with other uncertain inputs (large J.), and large non-linear and / or interaction effects (large

j)- This distinction can be realized visually by plotting the ( i j) for each uncertain input.
The negligible inputs will be the ones closer to (0, 0). The limit between negligible and non-
negligible inputs is subjective and is determined by the evaluator.
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3.3.2 Sobol Sensitivity Analysis

Contrary to Morris screening, which can provide qualitative results, Sobol's variance de-
composition can be used to obtain quantitative information [52]. The method which accounts
for both non-linearities and interactions between the inputs, belongs to the Analysis of Vari-
ance (ANOVA) method that aims to explain the variance of the Qol based on the variance of
the inputs. For a model (here representing the code), noted f : X 2RY! R, itis possible to
decompose it as follows:

X A o
Y=f(X)="fo+ fi(X)+ fi(X,X )+ 4 fp g(X) (3.20)
i=1 i<j
where X isthe vector of inputs, Y the Qol, and X; a speci c input. Under the assumption of
independent inputs, the variance in the Qol can be expressed as a unique combination of nite

terms, with each term being a function of one or multiple inputs:

X xa
Var(Y)= Dij(Y)+ Djj(Y)+..+ D 4(Y) (3.21)
i=1 i<j
where:
D;(Y) = Var(E(Y]jX)) (3.22)

D; (Y) is the variance of Y due to X; only. In other terms, it is a measure of how much the
expected value of Y with only X; being xed, varies by changing X;,. If the expected value does
not change while varying X;, then D, (Y)is zero, i.e., the contribution of X; in the variance of Y
is null. Using this de nition of the variance, it is possible to de ne the Sobol sensitivity indices
which represent the contribution of one input to the total variance of the Qol:
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where:

X
S 1 (3.25)
i

For example, for a speci c input, the rst-order sensitivity index provides how much of the
variance of the Qol can be explained by the contribution of this input only. The second-order
index is made of the rst-order interactions of this speci ¢ input with any other input (e.g. X4
X,, or X; X3, etc.).

The rst-order sensitivity indices require a high number of computations. To obtain higher
order indices, even more computations are necessary. In most cases, the total sensitivity indices
are computed rather than the higher-order indices due to providing some information on the
input interactions. The total sensitivity index, see Eq. 3.26, of a speci c input, is made of the

rst-order sensitivity index plus all its interactions with all the other inputs, i.e., it is a measure

of the total effect of the input on the Qol considering all possible interactions with the other

inputs. Contrary to the sum of the rst-order sensitivity indices, the sum of the total sensitivity

indices can be above one because the interactions between inputs are counted into multiple

total sensitivities indices (e.g. the interaction of  X; and X, is part of S, and S,)).
_Vvar(Y) Var(E®Yjx ) . X X

i Var(Y) 3 j6i N j,ksisjk " (8:20)

Var(E(YjX ;))is the total contribution to the variance from non- X, (de ned as xing all
the variables except X;). To obtain the rst and total sensitivity indices, Saltelli determined that
n (k + 2) computations can be used ( n being at least 10000 and k being the number of uncertain
inputs) [53]. n is generally picked to be a power of 2. By obtaining the Sobol sensitivity indices,
itis possible to explain quantitatively the behavior of the Qol based on the input's uncertainties,
allowing a deeper and more detailed understanding of the physics behind the phenomena
being modeled.

Although Sobol indices are very informative, they are also very computationally demand-
ing and that is why in most studies, surrogate models are used for their estimation. Multiple
surrogate models exist such as Polynomial Chaos (PC), arti cial neural networks, and Gaussian
Process|[54, 55, 56, 57]. PC is a polynomials-based model with the main advantage of being
able to obtain the Sobol indices based on the polynomial coef cients. Neural networks are
very general and allow approximating any function provided there is enough data. Gaussian
processes are similar to PC but are based on Gaussian functions and can provide an estimate
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of the prediction uncertainties. The main advantage of the surrogate model is its low compu-
tational time. However, because it is a surrogate model, it models a link between the inputs
and the Qol. Therefore, it is of primary importance to determine the accuracy of the surrogate
model. Three processes can be realized to gain con dence in the surrogate model:

1. Comparison of the code results and the surrogate model results on the training set of
input combinations. To do so, the R?value, see Eq. 3.27, is computed which can be seen
as a noise-to-signal ratio.

2. Comparison of the code results and the surrogate model results on a different set of
input combinations than the ones used to train the surrogate model. Herethe Q2 value
is computed which is a similar equation as for R? but using a different sampling.

3. Comparison of the sensitivity indices obtained using the direct code evaluations and
obtained using the surrogate model. By doing so, one can gain con dence in the surrogate
model and use it over the entire input space being considered.

P_ y.Ini y_Sur 2
R?=1 p— o (3.27)
Ini  ini 2
i Y y
yiIni is the original value (i.e. the code results) for uncertain input combination i,y>u the
surrogate model predicted value for uncertain input combination i,and 7"" the mean original

values.

3.4 Single-Physics LWR Modeling Validation and Uncertainty
Quanti cation

Having introduced validation and UQ in a general context, the following subsections present
the current practices of validations and UQ in single-physics LHR modeling for RP, TH, and FP.

3.4.1 Reactor Physics
Validation Experiments

In RP, extensive work has been realized to develop frameworks for validation experiments
such as the Evaluation Guide for the International Reactor Physics Experiments Evaluation
Project (IRPhEP) and the International Criticality Safety Benchmark Evaluation Project (ICSBEP)
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[58, 59], allowing a thorough validation process. [58, 59] describe how validation experiments
should be documented through an extremely rigorous and consistent methodology. It is be-
lieved that the methodology used in both is thorough and should be applied (if possible) and
extended to other physics, including multi-physics, when performing validation experiments
for any physics. As an example, [58] methodology is shown below.

In the rst section, a thorough description of all the measured data should be given: the
experiment location, time, and experimenters (if known) should be stated. Then, an overview
of the measurement, the measurement methods, the data related to the measurement (tem-
perature, material, etc.), the geometry, the uncertainties in the data, the sources of any data
(derived or direct data), and any inconsistencies in the data (from multiple sources) should be
detailed as much as possible. In this section, no model, evaluation, or calculated results should
be present. Using this method, the following data and measurement descriptions are realized:

« Critical and / or subcritical con guration,

» Buckling and extrapolation of length measurements,
» Spectral characteristics measurements,

» Reactivity effects measurements,

« Reactivity coef cient measurements,

* Kinetics measurements,

+ Reaction-rate distribution measurements,

» Power distribution measurements,

* Isotopic measurements,

¢ Other miscellaneous types of measurements.

In the second section, an evaluation of the data reported in the rst section is realized. Any
models or calculations realized to obtain parameters or inputs are documented and all possible
problems in the experimental data are addressed (missing data, inconsistency, weaknesses).
Uncertainties in the data are also analyzed and their effects on the results are evaluated (the
methodologies and / or models used are detailed as well). An explanation of the processing and
treatment of uncertainty is provided in ~ [60] (which is part of the IRPhEP). The uncertainties are
divided into three categories: uncertainties in the measurement methods, uncertainties in the
experimental con guration, and uncertainties in biases coming from the use of parameters
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evaluated by models, other experiments, calculations, or simpli cations. Using a rigorous,
consistent, and highly detailed methodology, the possible sources of uncertainties for all the
parameters listed above are evaluated.

In the following section, section three, all the input data necessary to model the experiments
are given: geometrical data, material data, BCs data, values of the model's parameters, uncer-
tainties in the parameters, and simpli cation compared to the experiments are highly detailed.
The consequences of any simpli cations or modi cations from the experiments should be
explained and their effects on the results quanti ed. The goal is to provide as complete as
possible benchmark speci cations for the participants. Both sections two and three follow the
same sub-organization as the section one.

The last section concerns the reporting and gathering of the results obtained by the partici-
pants using the speci cations of section three. This allows an easy and quick comparison of
the results between participants but also allows participants to compare their results with the
other participants.

The IRPhEP Handbook encompasses 166 approved experiments over a wide range of reactor
types (LWRs, High-Temperature Gas Cooled reactors, and other reactor types) in the 2022
edition. Concerning the ICSBEP, dedicated to reactor criticality, it has over 5000 cases as of
2022.

Validation Practices

Both frameworks (IRPhE and ICSBEP) are highly used in RP validations, such as for Grif n
validation, as they provide high-quality and detailed experiments over an extremely wide range
of scenarios [61]. For LWR modeling, the validation process can be divided into four categories:

1. Critical experiments: comparisons of K. ;¢ (effective neutron multiplication factor) and
pin power,

2. Operating power plant: comparisons of critical boron, rod worth, ux map, axial power
pro le, Doppler coef cient, etc.,

3. Fuel rod post-irradiation examinations (PIE): comparisons of burnup and isotopic in-
ventory,

4. Transient: comparisons of reactivity and power over time.

In the rst category, the goal is to determine the k. ;¢ value of the core and to compare it
to the expected value. Differences in the order of a few hundred (milli-percent) pcm can be
considered acceptable [62], but lower values, around or below 100 pcm are generally expected
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[30]. This category encompasses the validation for lattice physics models /codes (Monte Carlo
codes).

The second category, which is of high importance for nodal codes (deterministic codes),
consists of performing comparisons at different life stages of a reactor. “Static” modeling
(hot zero power, hot full power, and beginning and end of cycles) and dynamic modeling
(through the modeling of the entire cycle) are used to evaluate the critical boron (at a xed
time or through the cycle), the ux maps, and the radial and axial power pro les. Control rods'
worth and isothermal temperature coef cient can also be compared as well. It is important to
note that full core modeling generally involves a two-step process: (1) single assembly lattice
calculations are performed to obtain few-group nodal cross-section libraries, and (2) using
the newly generated libraries, the full core is modeled using a nodal code with an assembly
resolution. Therefore, the validation of nodal models, using the operating power plant data,
highly depends on the validation of lattice codes using critical experiments.

The third category is to validate depletion models. PIE are performed on irradiated fuels
obtaining their isotopic compositions from which burnup values can then be deduced. Com-
parison of isotopic composition and burnup between measurements and predictions are then
used.

For the last category, few benchmarks exist for transient validation of RP modeling such as
the Special Power Excursion Reactor Test (SPERT) tests performed in the 1950s [63, 64]. The
SPERT Il E-CORE is a pressurized water reactor (PWR) reactor made of 60 assemblies used to
perform criticality experiments but also reactivity insertion accidents (RIAs). Table 3.1 shows
a summary of the RIA tests of the SPERT Ill E-CORE.

Table 3.1: SPERT Il E-CORE RIA testd63].

Number of :Dnclasalr Inlet Coolant Reactivity Maximum Power
Tests (MW) Temperature (K) Inserted ($) Reached (MW)
40 cold 5¢ 5 290 — 206 0.77-1.21 2.1- 280
startups
32 hot le 5-5e 5 399 — 534 0.64—1.23 2.8-410
startups
5 high-initial 09-12 535 — 540 0.86—1.29 13-880
power series 1
3 high-initial 19 534 — 536 046-1.17 39-610

power series 2
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Even though the SPERT Il E-CORE experiments were performed in the 1950s, they are still
used for validation of RP modeling as seen in [62] where some tests are used in the validation
process of the MPACT code, hence showing the lack of experiments for transient validation of
RP.

Uncertainty Quanti cation and Sensitivity Analysis

In RP modeling, nuclear data uncertainties, which are highly dimensional and correlated
uncertainties, are often at the core of UQ and sensitivity analysis (SA) studies where two
distinctive approaches can be identi ed: random sampling methods and adjoint method (also
called rst-order perturbation method)  [65]. The former based on stochastic random sampling,
using methodologies similar to Section 3.2, comes with a potential limitation: the possible
large computational cost due to performing multiple simulations. Some advantages of these
methods are the relatively straightforward approach, being non-intrusive (i.e. no source code
modi cations), and dont rely on any assumptions.

The second approach (i.e. the deterministic adjoin method) is less computationally ex-
pensive but is intrusive requiring to be implemented in the code used. It relies on the adjoint
sensitivity equation, which is based on the rst-order perturbation theory and the “sandwich
formula’, see Eq. 3.28, hence allowing one to determine the Qol(s) sensitivity regarding each
input parameter [66]. The total Qol variance ( V ar (R)) can be determined by multiplying the
input parameters covariance matrix V, by the sensitivity vector ( S) on the left and the trans-
pose of the sensitivity vector on the right. The sensitivity vector is obtained using the forward
(i.e. neutron transport equation) and adjoint equation solution. An example for the multipli-
cation factor is given in [67]. The adjoint equation is similar to the transport equation with
the difference that the neutron ux is replaced by the adjoint ux. However, the adjoint ux,
which is dimensionless, is not a real ux but represents the neutron importance. In Monte
Carlo modeling, the solving of the forward equation can be seen as determining where the
neutrons are going, while the adjoint equation can be seen as determining where the neutrons
are coming from. Some of the major drawbacks of this technique are that it relies on linear
approximations which are not necessarily always true, it is intrusive to the code, and it can not
provide high order moments (third or above) nor the distribution. However, a major advantage
of this method is that it requires only two calculations to be performed (the forward and the
adjoint) to obtain the variance of the output.

Similarly, as for the validation process described above, either methodology can be applied
to the lattice calculations and then to the entire core calculation after assembly homogenization.
Itis also possible to combine both methodologies by applying one at the lattice calculation
step and the other one at the core calculation step [68].
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Var(R)=SV,S7 (3.28)

3.4.2 Thermal Hydraulics
Validation Experiments

Following the example of IRPhE and ICSBEP, which have become the gold standard for RP
validation, a database for TH experiments has been developed: The International Experimental
Thermal Hydraulics Systems Database (TIETHYS) [69]. In TIETHYS, over 31 different scenarios
across six different types of reactors such as boiling water reactor (BWR), PWR, and CANada
Deuterium Uranium (CANDU) are available, with at least one facility available per scenario. For
PWR, the following scenarios are available (the scenarios available for BWR are also indicated):

¢ Accident management for a non-degraded core,

Ageing (included in BWR scenarios),

Large break Lost of Coolant Accident (LOCA) (included in BWR scenarios),

Small/ medium break LOCA (included in BWR scenarios),

Steady-state,

Transients at shutdown conditions,

Transients (included in BWR scenarios).

Contrary to RP experiments, some TH experiments can be performed in a laboratory at
a smaller scale than a reactor and therefore can be used to gain an understanding of the
phenomenology but also for validation purposes. Separate Effect Tests (SET) are experiments
that are performed with the goal of characterizing and developing correlations for different
phenomena and components individually. Some examples of SETs for PWR and BWR include
(more examples can be found in [70]): evaporation due to heating, friction between wall and

uid, interfacial friction, liquid-vapour mixing, and critical ow in pipes and valves.

Because SETs are focused on one phenomenon or component at a time, Integral Effect
Tests (IET) are also designed and used for validation. In IETs, the scale of the experiment can
be much larger than for SETs and aims at providing data on the coolant behavior in uenced
by multiple phenomena simultaneously. IETs are generally performed for accident or reactor
transient scenarios such as: large break LOCAs, small break LOCA, and components failure.
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Validation Practices

Similarly to RP validation, TH validation is performed for different scenarios that originate
from the wide range of coolant conditions and heat uxes from the fuel rods. The adopted
approach is to use many experiments or benchmarks covering the range of selected phenomena
to be validated and to validate each of the code models one at a time, as it can be seen with
the validation of CTF code [71]. Some of the modeled phenomena being validated for LWR
are: pressure losses, single-phase convection, subcooled-boiling heat transfer, single-phase
and two-phase grid spacer pressure loss, single-phase and two-phase wall shear, void content,
critical heat ux, and transition boiling.

Best Estimate Plus Uncertainties

Historically, the lack of experimental data led to large model uncertainties in the rst
TH codes, which resulted in predicted Qol(s) with low con dence. To alleviate this problem,
conservative modeling using bias was introduced. The model uncertainties then decreased with
both the increase of experimental data and understanding of phenomena, ultimately leading to
higher con dence in the code predictions. The term “best estimate” was then introduced and
used to describe the model predictions. The propagation of input uncertainties also became
more common, and the term “best estimate plus uncertainty” (BEPU) appeared.

TH validation is generally performed with experiments at smaller scales than reactors
leading to scaling issues when modeling the full core or system. Some highly detailed method-
ologies have been developed to address this issue and other issues such as the UQ and SA. One
of the rst methodologies based on BEPU, developed rstin 1989, is Code Scaling, Applicability,
and Uncertainty (CSAU) [72], which is presented in Figure 3.3. The rst element consists of
identifying the nuclear power plant to model, the code that will be used for modeling, and
determining the code's applicability. Animportant part is the process identi cation and ranking
table (PIRT) that helps in identifying the main phenomena involved and ranks them based
on their importance for the speci ¢ scenario being modeled. This ranking is then used to
determine the code's applicability.

The second element aims at assessing the uncertainties and biases of code based on com-
parison with smaller scale experiments (SET and IET) and based on scaling.

In the third element, the physical uncertainties (i.e. reactor state and inputs) are evaluated
and then propagated through the code. The Qol uncertainty is then obtained by considering
the results of the uncertainty propagation but also the uncertainty and biases determined at
the second step.

CSAU was rst created for licensing purposes and led to the development of more method-
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Figure 3.3: CSAU methodology [72].
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ologies, such as the automated statistical treatment of uncertainty method (ASTRUM) with
one of its differences being on the uncertainty part  [73]. In CSAU, UQ is performed using the
response surface method which consists of developing a surrogate model trained on speci ¢
uncertain input combinations to reproduce the Qol values. Therefore, discontinuity or some
critical points may not necessarily be captured. Additionally, the surrogate model accuracy

in predicting the Qol for domains outside of the uncertain input sampling is not veri ed. In
ASTRUM, random sampling methods combined with Wilk's formula are preferred [74]. The
formula determines the minimum number of code evaluations needed to obtain, with a certain

con dence percentage, that the Qol will not exceed a certain percentile of its range. In many
cases, the 95" con dence level and the 95 " percentiles are chosen. Eq. 3.29 shows the Wilks'
formula for a one-sided case (i.e., only one constraint for either the maximum or minimum;
two-sided is for maximum and minimum simultaneously).

N 1

100 100
is the probability of the Qol distribution in percent, the con dence level in percent,

(3.29)

and N the number of code evaluations. For the 95 " con dence level and the 95 ' percentile
interval, only 59 code evaluations are required for the one-sided hypothesis.

It is very important to note that all the methods and methodologies used in RP and TH can
be used in other physics domain as well. These methodologies originate from these physics
domains but are not necessarily applicable to them only. For example, BE and BEPU are also
used in multi-physics modeling.

3.4.3 Fuel performance
Validation Experiments

Similarly to RP and TH, FP experiments are re-grouped under a framework called the Inter-
national Fuel Performance Experiments (IFPE) with over 1400 fuel rods which covers a wide
range of LWRs irradiation and transient scenarios for different types of fuel rods (different en-
richment, fuel and cladding material, etc.) [75]. Due to the nature of FP validation experiments,
most experiments are similar to IETs due to involving many phenomena at the same time.
However, some experiments target some phenomenon in particular such as:

e Burnup effects,
« High burnup effects,

* FGR,

37



Cladding displacement,

Corrosion,

Thermal behavior,

Internal rod volume,

Cladding hoop stress / strain.

Validation Practices

Even though a large quantity of validation experiments are available for FP modeling, there
exist a few major challenges with FP modeling and validation originating from (1) the potential
lack of input data resulting in high discrepancies between predictions and measurements [76],
and (2) dif culties in fully characterizing and understanding some phenomena such as PCMI
(considered by CASL as one of the main challenges in nuclear reactor modeling [19]). For the
latter, these dif culties then translate into differences among FP codes as well as dif culties in
validation. These differences can be summed up into three categories:

1. The code inherent modeling and solution methods /discretization schemes i.e. nite
difference, nite element, or nite volume technigues. Additionally, the mesh hypothesis
(dimensionalities) and other geometrical assumptions (axisymmetric, plane strain, etc.),
also play an important role.

2. The modeling assumptions made by the codes, or sometimes selected by the users:
smeared pellet, rigid pellet, pellet-to-clad contact interactions (bonded, friction, friction-
less).

3. The physics models implemented in each code such as fuel relocation and densi cation
for example.

In practice, validation activities for FP modeling, such as FRAPCON, involve comparison
with experimental data (obtained by PIE) for [77]: burnup, FGR, total rod free volume, internal
pressure, cladding deformation, cladding failure, cladding axial elongation, fuel centerline
temperature, oxide layer thickness, and cladding hoop strain.

Uncertainty Quanti cation and Sensitivity Analysis

Inthe FP UQ and SA literature, various interesting studies have been performed but usually
treat uncertainties as purely aleatoric and /or do not consider all possible sources of uncertain-
ties as shown in the following studies. In  [54], the METEOR V2 1D FP code is coupled to the
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URANIE UQ framework for depletion calculations where the uncertainties are propagated to
the fuel centerline temperature and Sobol indices are computed using arti cial neural networks.

In [55], a similar depletion study is performed with Bison nite element FP code coupled to the
DAKOTA UQ framework. Both correlation-based sensitivity indices (Spearman and Pearson)
and Sobol indices using surrogate models are computed. In  [78], FP uncertainties are propa-
gated using FRAPCON for two power ramp tests to assess the PCMI predictive capability. The
results indicate a strongly conservative prediction of the PCMI at high burnups with the rigid
pellet model being the most important input. When the fuel pellet creep is considered, the
predictions improved signi cantly.

In [79] and [80], various sensitivity analysis methods are investigated in depletion calcu-
lations using the FRAPCON code. The results indicate that for some quantities such as the
fuel centerline temperature, correlation-based methods can be suf cient. However, for other
guantities such as the gap conductance that can exhibit strongly non-linear and discontinuous
behaviors more complex, methods like Sobol indices or moment-independent approaches are
needed. It was also discussed that strong interactions between input uncertainties can arise
supporting the need for appropriate SA methods.

In [81], Bouloré explains some of the possible sources of uncertainties in fuel performance
as well as the challenge of their consistent characterization and treatment as aleatoric and
epistemic in safety analysis studies.

From all of these studies, it can be concluded that in FP UQ and SA, there is a lack of
consistent: (1) treatment of input uncertainties, (2) characterization of input uncertainties,
and (3) UQ and SA methodologies based on nature of the uncertainties and of phenomena
being investigated. International activities such as the Uncertainty Analysis In Modeling For
Design, Operation And Safety Analysis Of LWRs (LWR-UAM) benchmark, and the benchmark
for Reactivity-Initiated Accident (RIA), highlight the importance of consistent treatment of
input uncertainties and provide some guidance for their propagation, allowing a consistent
comparison of the results between the participants [82, 83).

3.5 Multi-Physics LWR Validation and Uncertainty Quanti ca-
tion

As shown in the previous section, validation of RP, TH, and FP for single-physics LWR
modeling has been extensively developed. On the other hand, multi-physics validation is still
in its development phase and few examples of multi-physics validation exist such as CASL-
VERA core cycle modeling [84]. A coupling between MPACT and CTF, the RP and TH codes
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within CASL-VERA respectively, is used to model 12 depletion cycles of the Watts Bar Unit 1
reactor. Additionally, Bison is used to provide volume average fuel temperature as a function
of power and burnup, which is then used by the coupling. Quantities such as critical boron
concentration and spatially distributed neutron ux are used to compare predictions and
measurements to assess the accuracy of the coupling.

In another example, a novel and systematic methodology aiming at multi-physics validation
is investigated in [85]. It relies on a progressive approach based on SETs and IETs modeling
validations for a RP - TH coupling. The objective is to identify biases in the coupling as well
as their impact on the predicted power. The experimental data originates from the CABRI
reactor in France and covers different scenarios ranging from small perturbations of the core
parameters to larger perturbations with the end goal of predicting the reactor power. The
author is able to determine the source of the discrepancies observed between predictions
and measurements, which are partially attributed to feedback parameters not being modeled
correctly. A preliminary UQ study of the effect of nuclear data uncertainties is then performed
using a lower- delity model for computational reasons.

Additionally, historically the main activities in multi-physics validation of nuclear reactors
rely mainly on benchmarks developed under the umbrella of the OECD /NEA. Usually, three
benchmark phases can be identi ed [1, 30]. The rst phase is made of the rst benchmarks
created and mostly evaluates RP coupling with TH system codes. The second phase relies on
higher quantity and quality of measurement to achieve higher accuracy in modeling and in
comparisons of the results. On top of that, more development in the codes, sometimes based
on the conclusions of the rst phase benchmarks, improved the modeling and the results. The
third and current phase aims at validating novel M&S tools as well as performing higher- delity
multi-physics modeling validation.

3.5.1 OECD/ NEA Multi-Physics Benchmarks Initial Phase

The rst phase consisted of benchmarks testing the capabilities of coupling traditional
M&S tools for complex transient scenarios and included the PWR Main Stream Line Break
(MSLB), BWR Turbine Trip (TT), and VVER-1000 Coolant Transient (V1000CT, developed in
joined work between OECD /NEA and the French Alternative Energies and Atomic Energy
Commission, CEA) [86]. The MSLB benchmark consists of modeling the loss of secondary
coolant through three exercises using RP and TH-system codes. It is important to note that
there are no experimental data available for comparisons and code-to-code comparisons are
used. Concerning the TT benchmark, it models a pressurization scenario of a BWR. Finally,
the V1000CT is a two-phase benchmark with the rst phase investigating the switching to the
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“on” position for one main pump while the other two pumps are already activated, creating
spatially dependent coolant properties and therefore reactor core behavior. The second phase
is the modeling of the MSLB scenario. All three benchmarks follow similar exercise structures
and goals with slight variations. The rst exercise consists of using simpli ed point-kinetics
modeling in addition to system-TH modeling with the objective of understanding the primary
and secondary system responses. In the second exercise, coupled 3D RP - TH modeling of the
reactor core with imposed TH BCs is investigated. Finally, the last exercise consists of best
estimate modeling of the core-plant transient allowing us to study the impact of the different
modeling options on the coupling itself but also on the results.

The general methodology used for each benchmark consists of a multilevel modeling
approach, similar to the validation experiment hierarchy which is shown in Figure 3.4. From
top to bottom, there are the complete system, subsystem cases, benchmark cases, and unit
problems. The unit problems are very simple single-physics, with all the necessary data, and
modeling one phenomenon ata time. The benchmark cases combine multiple phenomena, but
simpli cations in the boundary and initial conditions, geometry, and material properties are
still present. The subsystem cases rely on fewer simpli cations and assumptions while involving
more phenomena making them more complex than the benchmark cases. Finally, at the top is
the complete system with almost no simpli cations and assumptions. The units' problems are
generally fully characterized and measurements of the Qols are available. Moving upward in
the hierarchy, the quantity of measurements and characterizations of the experiments tends to
decrease. Following this methodology, these benchmarks start with the modeling of simpler
cases to identify important sub-modelsand /orto validate sub-models. Then, more complicated
scenarios are investigated to identify the possible lack /discrepancies of the coupling developed.
This approach allows a comprehensive understanding of the coupling being developed as well
as provides some guidance, for the participants, to validate their coupled modeling.

3.5.2 OECD/ NEA Multi-Physics Benchmarks Second Phase

The second phase consists of OECD/ NEA benchmarks such as Kalinin-3 VVER-1000 Coolant
Transient (K-3) and Oskarshamn-2 BWR Stability, however they differ from phase one bench-
mark by their higher quality experimental data  [29]. Both benchmarks aim at modeling ex-
tremely complex scenarios demonstrating the capabilities of the coupling developed while
validating them.

The K-3 VVER-1000 benchmark is very similar to the V1000CT benchmark of phase one
in terms of scenario: one of the four main pumps is switched to the “off” position while the
other three pumps are still activated. The benchmark exercises follow the V1000CT benchmark
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Figure 3.4: Validation experimental hierarchy.

exercise as well: exercise one is a point kinetics plant simulation, exercise two is a coupled
3D RP - TH core modeling, and exercise three is a coupled 3D RP - TH core modeling with
TH system modeling of the plant system. The main difference between K-3 VVER-1000 and
V1000CT benchmarks originates from the higher quantity and quality of the measurements
(measurement plus uncertainties). Therefore, validation activities can be performed more
thoroughly as well as involving UQ (which is in the LWR-UAM benchmark discussed below
[82)).

The Oskarshamn-2 BWR stability aimed at validating RP—TH coupling on a more challeng-
ing transient scenario, i.e., unstable power oscillations without reactor SCRAM (SCRAM is a
sudden shutting down of a nuclear reactor, usually by rapid insertion of control rods, either
automatically or manually by the reactor operator; it is also known as a “reactor trip”). A se-
guence of events led to low- ow and power oscillating with a decay ratio above one (i.e., the
oscillation amplitudes increase over time) before the reactor is SCRAM-ed when a certain
power is reached. As seen in [87], the approach adopted for modeling the transient consists
of rst validating the coupled RP—TH core modeling for the initial steady-state and for two
stability scenarios. Then, using the same nodalization, the unstable oscillation transient is
modeled. After some BC optimization and reduction of discretization errors, better agreement
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with measurements was achieved.
The LWR-UAM is another benchmark of the second phase focusing on traditional M&S UQ
in multi-physics using a consistent two-step approach  [29, 82):

1. UQ using standalone FP codes is performed obtaining uncertainties in the Qols, such as
gap conductance,

2. These uncertainties are then used as input uncertainties for the TH codes coupled with a
neutronics code.

Using this strategy, the computational cost of the UQ is reduced. Additionally, higher-
delity codes are encouraged for single-physics modeling while lower- delity codes are used
for multi-physics modeling for computational reasons. Similarly to the phase one benchmarks,
a modeling hierarchy is used for the phase two benchmarks.

3.5.3 OECD/ NEA Multi-Physics Benchmarks Third and Current Phase

The rstand second phases have provided guidance for multi-physics validation of tradi-
tional M&S tools. However, multi-physics validation for novel M&S tools requires new guide-
lines due to the higher delity and resolutions of the codes. The third phase of OECD  /NEA
benchmarks which is currently being developed focuses on developing such guidelines through
the MPCMIV, Rostov-2 VVER-1000, and TVA Watts Bar Unit 1 (WB-1) Multi-Cycle benchmarks
[1, 13, 88, 31]. These benchmarks rely on high-quality measurements and involve RP, TH, and
FP modeling in single and multi-physics (in phases one and two, only RP and TH are involved).
Additionally, UQ and SA are integral parts of these benchmarks demonstrating their impor-
tance and connection to validation protocols. Similarly to the aforementioned benchmarks,
these phase three benchmarks have adopted a hierarchic validation methodology, starting with
single-physics, moving on to multi-physics validation of simple cases, and then to multi-physics
modeling of complex scenario validation. The MPCMIV benchmark is of particular interest here
since it is used to support and demonstrate the methodology for multi-physics transient mod-
eling validation. Therefore, a more detailed summary of the benchmark is provided below. The
Rostov-2 VVER-1000 benchmark exercises are very similar to the K-3 VVER-1000 benchmark
with the main difference being the involvement of high- delity multi-physics modeling. The
WB-1 Multi Cycle Depletion benchmark focuses on multi-physics modeling of cycle depletion
of the TVA WB-1 reactor. The exercises concentrate on modeling hot zero power and hot full
power for the rsttwo cycles of the reactor, followed by cycle depletion modeling.

The MPCMIV benchmark focuses on the modeling of two cold ramp tests performed in
BWR conditions at the Studsvik R2 reactor [13]. Measurements of the cladding axial elongation,
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coolant temperature, and mass ow rate during the two cold ramp tests and of the cladding
outer diameter after the two cold ramp tests are available for validation purposes. In terms of
structure, the benchmark is divided into four modeling delity tiers:

« Tier 1: Novel M&S tools with high- delity modeling. The R2 reactor (RP and TH domains)
is modeled as well as the in-pile loop, i.e. irradiation facility (RP, TH, and FP domains).

* Tier 2: Novel M&S tools with high- delity modeling but involving simpli ed BCs. In this
tier, only the in-pile loop is being modeled and the R2 reactor is modeled as a BC (for
example, gamma heating or incoming neutron current).

 Tier 3: Traditional M&S tools with simpli ed BCs (similar to Tier 2 but with traditional
tools).

* Tier 4. FP modeling only due to the strong focus of PCMI during the cold ramp tests.

The benchmark participants are free to choose which tier is more suitable to their compu-
tational tools' capabilities. For each tier, the exercises are then divided into four computational
phases mandatory for all the participants:

« Model development phase: the computational domains of single-physics modeling are
veri ed and validated for steady-state simulations. It aims at selecting the correct codes
for each physics area.

» Pre-quali cation phase: the computational domains for the entire rst ramp test (cal-
ibration, pre-ramp, and cold ramp) are evaluated and validated against experimental
data. Multi-physics models for steady-state and transient are developed. The accuracy of
the multi-physics coupling predictions is assessed against experimental data.

« Blind simulation phase: the second cold ramp test is modeled using multi-physics mod-
eling. The participants do not have access to the experimental data for comparison. The
uncertain inputs are quanti ed and the predicted best estimate results together with
their estimated uncertainties are obtained.

» Post-test phase: the second cold ramp test is modeled but the measured quantities are
disclosed. SA studies are performed to evaluate and re ne the M&S.
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CHAPTER

4

MULTI-PHYSICS TRANSIENT VALIDATION
AND UNCERTAINTY QUANTIFICATION
GUIDELINES

In this chapter, guidelines for multi-physics transient validation are proposed and rely on a
multi- delity multi-level validation approach that can be used for both traditional and novel
M&S tools. Using a multi- delity approach allows a better assessing of the degree to which the
model is an accurate representation of the reality. This approach is similar to the OECD /NEA
benchmarks and can also be used for the propagation of input uncertainties. On the other
hand, the multi-level approach for validation metrics addresses both the transient aspect and
potential high-resolution modeling (of novel M&S tools).

In this chapter, the following equations are used to describe multi- delity multi-physics
modeling in a general context. The highest delity model, called M °, which corresponds to a
coupling of multiple individual models  m; is de ned as follows:

M%°=m; m, .. m, (4.1)

where i varies between 1 and n (the total number of individual models). For example, M ° could
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be a multi-physics model for an LWR core with  m, being a RP model, m, a TH core model, and
m 4 a FP model. Any other modelings with lower delity than M © can then be de ned using
M ' with:

* i 2[0,n] being the number of model m; coupled together,

* j the different possible modeling with i number of models involved.

Continuing the above example, M} can be a coupling RP - TH, M a coupling RP - FP, M ; a
coupling FP - TH, M¢Z single-physics RP, M 2 single-physics TH, and M Z single-physics FP. If
multiple models /codes of various delity are investigated, thenthe | index can be also be used
to differentiate between the models /codes.

4.1 Validation Hierarchy

The proposed modeling work ow for validation activities is shown in Figure 4.1 for n
number of physics (i.e. models) coupled (in the above example for M °n = 3). First single-
physics modeling is performed using steady-state and / or transient scenarios to understand
the phenomenology as well as the capabilities and limitations of the models to predict mea-
surements (the discrepancies observed between predictions and measurements are analyzed
and addressed if needed).

In the second step, two physics couplings are investigated for steady-state and /or transient
scenarios using a similar analysis as for the single-physics step. Additionally, by performing a
comparison between single-physics results and the couplings' results, it is possible to gain an
understanding of the impact of one model on the other model, hence obtaining information
on the phenomenology involved. It is very important, especially for novel M&S tools, that
feedback parameters be included in the validation activities as they can be highly in uential
for the scenarios being modeled.

In the following steps, more and more physics (i.e. models) are then added by increments
until the full multi-physics coupling is obtained. At each step, the same analysis as in the
second step is performed. Using this approach, a progressive detailed understanding of the
phenomenology can be obtained as well as determining the capabilities and limitations of the
different coupling levels to predict the measurements. This approach also allows understanding
and estimating the impacts of each model on the others models /couplings (there might be
cases where one physics is irrelevant and can therefore not be used). Finally using this approach,
it is possible to identify the minimum coupling level predicting the measurements with good
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Figure 4.1: Validation hierarchy for transient modeling.

enough accuracy. This coupling can then be used for UQ studies at a lower computational cost
than the full coupling.

At each incremental step (single-physics, two-physics coupled, ...), steady-state and /or
transient scenarios (the same or similar scenario of interest) are modeled using low- delity
and high- delity models if possible (more could be also used by having low- delity, medium-
delity, and high- delity models for example). Using both models supports the analysis of the
discrepancies observed between predictions and measurements.

Below is an example of the ideal modeling approach for the M ° RP - FP - TH coupling
aforementioned for a loss of coolant accident transient scenario:

e Step 1: RP single-physics modeling (M 02), TH single-physics modeling ( M 12), and FP single-
physics modeling ( M ?) for the steady-state before the transient followed by the transient
scenario. Traditional M&S (low- delity here) and novel M&S (high- delity here) are both
used for each physics (M2, M 2, and M 2 are the high- delity models while M2, M2, and
M 2 are the low- delity models respectively for RP, TH, and FP). The BCs representing
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the other physics used by each code are obtained from the speci cations: LHR and inlet
coolant temperature are for FP, LHR (or cladding temperature) and radiation heating for
TH, and average coolant temperature and average fuel temperature for RP.

* Step 2: RP - THcoupling (M), RP - TH coupling ( M }'), and FP - TH coupling ( M) are then
investigated using the same scenarios as in Step 1 and with the same codes (low- delity
and high- delity with similar subscript index notations). Concerning the BCs, they are
still obtained from the speci cations: LHR and gamma heating for FP - TH and coolant
temperature for RP - FP.

+ Step 3: RP - TH - FP coupling M ° is used to model both the steady-state and transient
scenarios using the same codes (low- delity M and high- delity M 9).

This approach is based on the physics being modeled (e.g. two-physics coupled) but in
some cases, the same physics can have multiple domains that are modeled separately. In
these cases, the validation hierarchy needs to be based on the domains being investigated. To
illustrate this approach, the MPCMIV benchmark is used as an example. A total of ve domains
can be used: RP for the R2 reactor, TH for the R2 reactor, RP for the in-pile loop (irradiation
channel), TH for the in-pile loop, and FP for the rodlet being irradiated. The validation steps
could be:

Step 1: Each domain is modeled using single-physics,

Step 2: Coupling RP - TH R2 core, RP - TH in-pile loop, RP - FP in-pile loop, TH - FP in-pile
loop, RP R2 core - RP in-pile loop (the in-pile loop is considered thermally insulated from
the core, therefore there is no heat exchanged between both domains and a TH core - TH
in-pile loop coupling is not necessary),

Step 3: Coupling RP - TH - FP in-pile loop,

Step 4: Coupling RP - TH R2 core with RP - TH - FP in-pile loop.

The main objective of this progressive approach is to gradually gain con dence in the
code predictions while providing an understanding of the results obtained. In many cases, this
approach can not be fully followed and needs to be adapted due to the lack of experimental data
for example. Additionally, the approach allows identifying the level of multi-physics coupling
needed for each Qols to predict them with good accuracy. This information is bene cial for
UQ studies as it might reduce the computational cost by using a lower-level multi-physics
coupling compared to the full coupling.
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4.2 Multi-Level Validation Metrics Approach

The use of novel M&S tools with potential high-resolution modeling can lead to a large
number of Qols and therefore a large number of validation metrics, in which the dynamics
aspect of the scenario needs to be taken into account. To fully assess the degree to which
the model is a precise representation of the reality (i.e. validation), it is important to have an
understanding at a “local” level (for example at speci c time step(s)), at an "intermediate”
level (for example during time intervals), and at a “global” level (for example over the entire
transient). Therefore, a multi-level approach is proposed using validation metrics for speci c
time step(s) of interest, for time intervals involving the same phenomenology, and for the
entire transient. The same approach is also used for the Qols with each Qol being investigated
separately at each spatial location, for each Qol over the entire physical space, and for all Qols
together over the entire physical space for each physics. Therefore, a total of nine (3 by 3)
analyses are proposed.

To illustrate this approach regarding the time aspect, the following example using a cladding
axial elongation during a ramp test (see Figure 4.2) is considered:

 Validation metrics at speci c time step(s) of interest: a validation metric at the time
step where the peak cladding elongation is reached (multiple time steps could also be
considered but analyzed separately),

« Validation metrics for time intervals: for the three speci c regions that can be identi ed
based on the phenomenology. Initially, the fuel axial elongation is not transmitted to the
cladding, therefore the cladding elongation is due to thermal expansion mainly. Then,
the fuel axial elongation is transmitted to the cladding, which can be observed by the
change of slope. Finally, the ramp ends and the power goes to zero, so the elongation
decreases. A validation metric for each interval would be used,

+ Validation metrics for the entire transient.

Similarly to the time aspect, an example is also used to illustrate the Qols multi-level
validation metrics approach: a heated rod in a coolant channel where the Qols (temperature,
velocity, and pressure) are axially distributed (10 axial locations):

« Validation metrics for each Qol separately at each axial spatial location. Therefore, a total
of 10 validation metrics (one per axial location) for the temperatures, 10 for the velocity,
and 10 for the pressure are used,

« Validation metrics for each Qol over the entire physical space: one validation metric for
the temperature taking into account all 10 axial locations, one metric for the velocity
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Figure 4.2: Cladding axial elongation behavior during a ramp test.

taking into account all 10 axial locations, and one metric for the pressure taking into
account all 10 axial locations,

 Validation metrics for all Qol over the entire physical space for each physics: one metric
total taking into account the temperature, velocity, and pressure at all axial locations. In
this case, only physics is involved therefore only one metric is used.

In the following subsection, more details about validation metrics for each case are pre-
sented. For readability reasons, the following terminology is used for the remainder of the
dissertation:

* Validation metrics for each Qol separately at each axial spatial location will be denoted
localized speci ¢ Qol validation metrics. Therefore, the term localized means discretized
in space here.

« Validation metrics for each Qols over the entire physical space will be denoted globalized
speci ¢ Qol validation metrics. Therefore, the term globalized means over the entire
space here.

 Validation metrics for all Qols together over the entire space for each physics will be
denoted globalized all Qols validation metrics for each physics.
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4.2.1 Time Aspect For a Localized Speci ¢ Qol
Speci ¢ Time Step

Before talking about validation metrics, it is important to de ne the context around these
analyses. Measurements in time and for all the Qols are available with or without uncertainties.
Additionally, simulation(s) has /have been performed and the Qols have been computed, with
or without uncertainties, for comparison with the measurements.

Validation metrics for a speci ¢ time step and localized speci ¢c Qol have been widely
developed and some are shown in Chapter 3 Section 3.1. To further analyze the differences
between predictions and measurements, two new analyses are introduced. The rst analysis is
based on area ratios using the following equations:

erﬁ_;1 rP:':_;:’ rMP:i_': (4.2)
where A isthe common area between predictions and measurements, A, isthe measurements
area, and Ap is the predicted area. This analysis is more suited when both the predictions and
measurements are described using p-boxes. Figure 4.3 shows some examples of predictions
and measurements p-boxes to illustrate this analysis. For each case, the validation metrics

presented in EqQ: 3.4) is used as well as the above ratios. The results are shown in Table 4.1.
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Figure 4.3: Examples of p-boxes relations between predictions and measurements.

Table 4.1: Results of the analysis of Figure 4.3.

Cases Validation Metric v e fvp
1 0 100% 12.5% 12.5%
2 0 100% 50% 50%
3 0.80 16% 16% 100%
4 6 0% 0% 200%
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In Cases 1 and 2, both validation metrics are zeros but the predictions and measurements
are very different. This difference is captured by the ry, and rp ratios where we can see that the
former is 100% meaning that the measurements are fully predicted by the model but the latter
shows that in the second case, the difference between the p-boxes is much smaller (i.e. the
measurement p-box is not highly over-predicted).

For Cases 3 and 4, the validation metrics are different from zero (Cases 1 and 2) and an
analysis of ry, and rp allows determining if there is an overlap between predictions and mea-
surements, and how much of the common area is covered by the measurements and the
predictions.

Additionally, in all Cases ryp provides a measure of the difference between both p-boxes
areas in all the cases.

The second analysis is more suited when either predictions or measurements are a single
CDF (while the other one can be a p-box or a single CDF). It is based on the analysis of speci ¢
percentiles and uses the following equation:

X% = Px% Mx% (4-3)

where x % s a certain percentile, and P, and M, are the values or intervals (for p-box) of the
predictions and measurements at X %, respectively. o, isthen asingle value if both predictions
and measurements are described by a single CDF each, an interval when one of them is
described by a p-box. Itis important to note that <9 Can be negative or positive which provides
valuable information on the position of the predictions against the measurements (absolute
value can be used if needed). Figure 4.4 shows some examples when the measurements are
described by a single CDF while the predictions are described by a p-box. Table 4.2 shows the
results obtained using the same validation metric as above but also forthe 5 ", 50" and 95"
percentiles.

Table 4.2: Results of the analysis of Figure 4.4.

Cases Validation Metric 5% 50% 95%
5 0 [-8, 8] [-8, 8] [-8, 8]
6 0 [-0.67,1.33 [-1,1] [-1.33,0.67]
7 1.2 [-2.53,1.48 [-5,-1] [-7.47,-3.47]
8 6 [-8, -6] [-8, -6] [-8, -6]

53



For Cases 5 and 6, both validation metrics are zeros showing that the measurements are

fully predicted but the <« Shows that for Case 6, the difference between predictions and
measurements is much closer.

For Cases 7 and 8, the validation metrics are different but using <%, especially for the

5th percentile, we determine that in Case 7 that are some overlap between predictions and
measurements (interval crosses zero).

Figure 4.4: Examples of CDF and p-boxes relations between predictions and measurements.

Figure 4.5 shows two examples of predictions and measurements both described by a
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single CDF. The results obtained for the validation metrics and percentile analysis are shown

in Table 4.3. In both cases, the validation metricis 1.16, butthe 5 ", 50", and 95'" percentile
are different. Therefore, using this approach, we can obtain a better analysis of the difference
between predictions and measurements as shown with Cases 9 and 10. This analysis can also be
applied to cases where both predictions and measurements are p-boxes by taking the maximal
and/ or minimal differences between both p-boxes. For example for Case 1, son =[ 7, 7]when
the minimum differences are used (difference between left bound prediction p-box and left
bound measurement p-box for this speci c case).

Table 4.3: Results of the analysis of Figure 4.5.

Cases Validation Metric 5% 50% 95%
9 1.16 -1.16 -1.16 -1.16
10 1.16 2.2 0.3 2.8

Figure 4.5: Examples of CDFs relations between predictions and measurements.

55



These two new approaches provide a more detailed analysis of the predictions in compari-
son to the measurements, resulting in a better overall understanding of differences between
them. It is very important to note that both analyses are  NOT validation metrics but are com-
plementary analyses to the validation metric. In the following subsection (time interval and
entire transient validation metrics), these two approaches can also be analyzed similarly to the
validation metrics.

Time Interval And Entire Transient

As aforementioned, some validation metrics have been developed for dynamics scenarios
for alocalized speci ¢ Qol, which can be used for such an analysis. Taking into account the
uncertainties, two types of analysis can be performed and Figure 4.6 showing two examples of
time-dependent measurements and predictions is used to illustrate both analyses. In Case 1
within Figure 4.6, the relative cladding axial elongation is analyzed for a cold ramp scenario
of the MPCMIV benchmark [13]. Prediction 1 shows good agreement in terms of shape and
amplitude while prediction 2 exhibits discrepancies in both shape and amplitude. An analysis
at each time step can be performed using a validation metric as well as the above analyses
mentioned in the previous subsection. For this speci ¢ case, no uncertainties in the predictions
and measurements are considered and a simple distance validation metric is used at each time
step (Eq. 3.1), hence obtaining a temporal validation metric. Table 4.4 shows the validation
metrics values at different time steps (every three seconds) for the part of the transient up to
the peak. Analyzing the validation metrics and computing the mean and standard deviation
(higher moments order can also be used) in the validation metric, we obtain:

» For measurements and prediction 1: the validation metric increases rst before starting
to decrease in the rst half of the considered time interval with a mean value, over the
entire transient, of 0.10 and a standard deviation of 0.07,

» For measurements and prediction 2: the validation metric increases but to values much
larger than for prediction 1 before decreasing in the second half of the considered time
interval while still exhibiting large values. The mean value, in this case, is 0.46 with a
standard deviation of 0.14.

The larger discrepancies between measurements and prediction 2 are therefore re ected in
the much larger mean (which is 31% of the maximum value) and the large associated standard
deviation. To conclude, the rsttype of analysis is consisting of analyzing the temporal evolution
of the validation metric and its temporal moments (i.e., mean, standard deviation, etc.). When
no uncertainties are present, the Minkowski norm and the RMS mentioned in Chapter 3
Section 3.1 can also be used directly for this type of analysis.
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Figure 4.6: Time dependent measurements and predictions for case 1 relative cladding axial
elongation and for case 2 power amplitude during a super-prompt critical transient.

Table 4.4: Results of the analysis of Figure 4.6 Case 1 using a distance validation metric.

Validation Metric

t = 0 s (initial) t=3s t=6s t=9s t=12s t=15s(peak)

Measurement 0.09 0.17 0.17 0.11 0.04 0.02
- Prediction 1
Measurement 0.13 0.42 0.57 0.62 0.50 0.38
- Prediction 2

The second type of analysis, based on curve features, is more suitable for cases similar to
Case 2 from Figure 4.6. In this speci c case, a reactor power amplitude evolution is analyzed
using the Prompt Kinetics Approximation (PKA) for a reactivity step insertion. In the rst
prediction, the amplitude is correctly predicted but not the time of the transient while in the
second prediction, it is the opposite. Using a similar analysis as for Case 1, the time evolution
of the validation metric is obtained and is shown in Figure 4.7 for measurement and prediction
1 (validation metric 1) and measurement and prediction 2 (validation metric 2). For validation
metric 2, the relative error is constant at 12 % while for validation metric 1 it can be between 0
and 220%. Such an analysis can be insightful in some cases, but it is also possible to perform
an analysis of the peak time, the maximal amplitude, and the Full Width at Half Maximum
(FWHM) (speci c to this case) using a distance validation metric. Table 4.5 presents the results
obtained for this analysis. It is observed that prediction 1 predicts well the FWHM and maximal
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amplitude but not the peak time, while prediction 2 cannot predict accurately the maximum

amplitude only. In this analysis, the same approach as in Section 4.2.1 can be used for each

individual validation metric since the metrics are not time-dependent but based on behavioral

features. For this type of analysis, maximum value(s), minimal value(s), peak time, number

of oscillations, frequency of oscillations, and FWHM are some examples of features that can

analyzed.

Figure 4.7: Temporal evolution of the validation metric for Figure 4.6 case 2.

Table 4.5: Results of the analysis of Figure 4.6 case 2 for peak time, FWHM, and maximum

amplitude.

Validation Metric

. Maximal

Peak Time FWHM Amplitude
Measurement - Prediction 1 2.4 ms 0.6 ms 0.8%
Measurement - Prediction 2 Oms Oms 12%
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4.2.2 Time Aspect For Globalized Speci ¢ Qol
Speci ¢ Time Step

Many validation metrics have been developed when a Qol spatially distributed is to be
compared to measurements at a xed time step. Some mentioned in Chapter 3 Section 3.1
such as the Minkowski norm and RMS can be used for purely deterministic comparisons.
Additionally for probabilistic cases, [47] proposed a validation metric based on expanding the
u-pooling developed by Oberkampf [44].

The same type of analysis can be performed as in the previous subsubsection by replacing
the time aspect with the spatial aspect. For example, considering temperatures along a fuel
rod at different axial elevations, then the time aspect is replaced by the axial elevation in the
validation metric. This can also be extended relatively straightforwardly to consider 2D or 3D
spatially distributed quantities.

Time Interval And Entire Transient

Validation metrics for both time-dependent and spatially dependent Qols can be built
using a two-step approach. First, the time dependence is analyzed for each localized speci ¢
Qol as shown in Chapter 4 Section 4.2.1, then the spatial dependence of the validation metrics
is analyzed. It is important to note that the order in which the time and space are analyzed can
be switched and some cases might be more favorable for time analysis rst while others are
more favorable for spatial dependence analysis rst.

As an example, a Qol distributed axially and varying temporally is considered and the
process could be as follows:

1. For each localized speci ¢ Qol, perform the time-dependent validation metric analysis,
for example, computing the mean and standard deviation of the validation metric:

D i

ime D YPA) YMeas(t) (4.4)
"= me (O YR Y MeRR(t) (4.5)

where Yij(t)is the Qol at axial elevation i with j being the measurements or predictions,
and Dti is the validation metric at each time step for the axial elevation .

2. Perform a statistical analysis axially such as computation of the axial mean of the temporal
means at each axial elevation:

D :ﬁ: axially(Di) (4-6)
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In some cases where a small number of Qol spatial discretizations are present, RMS can
be used instead because a statistical analysis (mean and standard deviation) using a
small number of samples lacks accuracy.

In the above example, steps 1 and 2 can be switched by replacing the mean and standard
deviation on the time to the axial location and the axial location to the time.

4.2.3 Time Aspect For Globalized All Qols
Speci ¢ Time Step

In the previous Subsection 4.2.2, the Qols are analyzed individually. Here, the goal is to
obtain a general score for each model within a multi-physics coupling based on all of its
validation metrics. In other terms, a single value is determined for all the Qols over the entire
space for each model of a multi-physics coupling, allowing one to obtain a global idea of the
degree to which each model is modeling the reality accurately. This process is close to PCMM
developed by Oberkampf (and used by VERA) and to the validation of COMSOL which are both
introduced in Chapter 2 [32, 22, 33]. For each localized speci ¢ Qol, or globalized speci ¢ Qol,
a value between 1 and 5 is given which increases as the validation metric decreases, i.e. a value
of 5 means extremely good agreement between predictions and measurements while a value
of 1 means large discrepancies between them. For each model, an “energy” formula can be
used to obtain the general score:

vep ' -
71,1
Qol Ko S S

n 4.7
tot g 47
where V is the validation score, n the number of localized speci ¢ or globalized speci ¢ Qol
considered, and &,,, each individual score of each localized speci ¢ or globalized speci ¢ Qol.
Therefore at speci c time step(s) of interest, each model within the couplings has a validation
score allowing one to determine the overall degree to which it can model the reality. A visual
representation of the validation score of each model within a multi-physics coupling can then
be used (see Figure 4.8 for multi-physics coupling involving three models with respective
validation scores of 3, 4, and 3). It is very important to note that this is a score and  NOT a
validation metric.

The main challenge with this validation score lies within the scoring criteria themselves.
For each localized speci ¢ or globalized speci ¢ Qol, the users have to determine subjective
criteria for determining the score, which therefore will vary, ideally, based on the scenarios.
It is highly recommended that the scoring system is detailed thoroughly similarly as in VERA
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Figure 4.8: Example of representation of validation scores for each model within a multi-
physics coupling involving three models.

V&V or COMSOL [22, 33] allowing comparisons to others. Additionally, the scoring system
should be based on current practices found in literature. For example, in steady-state modeling,
a k. difference between prediction and measurement below 50 pcm is considered very
accurate, while above 500 pcm is considered not accurate. Therefore, the criteria could be
(linear interpolation between score):

» Score = 1if k. difference is above 500 pcm,

Score = 2 if k¢ ; difference is 350 pcm,

Score = 3 if k¢ ; difference is 200 pcm,

Score = 4if k¢ ; difference is 100 pcm,

Score = 5if ke ¢ ¢ difference is below 50 pcm.

Time Interval And Entire Transient

For time intervals and the entire transient, each model score can be averaged over time, and
the standard deviation determined, providing the most overall information for each model.

Additionally, the scoring system can be used to compare different coupling levels for the
same Qol at a localized and / or globalized level, but also for the globalized all Qols of a model.
Such information can be valuable when performing UQ to determine the minimum coupling
level that can be used and still provide accurate results. For example, if we consider three
physics coupled together (RP, TH, and FP) and are interested in a speci c globalized Qol of
RP. In this example, the single-physics RP M02 validation score is 2.6, the RP - TH coupling MO1
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score is 3.2, the RP - FP coupling M ! score is 4.5, and the RP - TH - FP full coupling M ° score
is 4.9. The visual representation of the score is shown in Figure 4.9. In this case, the RP - FP
coupling Ml1 allows getting results with good enough accuracy and could be used for further
computationally expensive analysis (i.e. UQ) knowing that the error introduced by not using a
coupling with TH is relatively small.

Figure 4.9: Example of validation score for a speci ¢ Qol and different coupling levels.

This proposed multi-level validation metrics and scores approach is a rst attempt at
providing a consistent validation methodology based on a thorough understanding of the
models' capabilities to predict the reality in multi-physics transient modeling. Even though it
can be long and tedious in some cases, it is developed in such a manner that it aims at providing
insightful information on the difference between predictions and measurements at different
time and spatial levels. Additionally, it proposes solutions to solve the problem of novel M&S
tools high-resolution modeling which leads to a large number of Qols being used for validation.

This Qol multi-level validation metrics and scores approach can be extended for cases where
Qols are highly discretized in space and an intermediate analysis between the localized and the
globalized speci ¢ Qol analysis can be performed. For example, we can consider the Qol to be
the temperature distributed axially and across multiple fuel rods. Therefore, the rst analysis
would be for localized speci ¢ Qol analysis described above, but then a regional analysis can be
performed where each rod is analyzed separately using all of their axial temperatures. Then, the
globalized speci ¢ Qol analysis over the entire space (axially and radially) can be performed.
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4.3 Uncertainty Quanti cation

The propagation of input uncertainties can be part of the validation activities but can also
help improve the understanding of the phenomena being investigated and their impact on
all the physics domains. Therefore, even though UQ is not necessarily part of the validation
process, itis believed that it is of importance, and therefore frameworks for performing them in
a multi-physics context should be developed. However, the propagation of input uncertainties
to the Qols, for the purpose of validation or UQ, in transient multi-physics modeling is relatively
challenging because of (especially when using novel M&S):

» The potential high computational cost per simulation,

» The potential large number of uncertain inputs to propagate due to the involvement of
multiple models (additionally, novel tools allow the perturbation of more parameters
compared to traditional tools),

< The validation hierarchy proposed in Figure 4.1 requires to perform the propagation of
input uncertainties at each step for at least two models (low- delity and high- delity)
ideally leading to too many studies.

Many of the already developed frameworks for UQ for RP, FP, and TH can be used when the
computational cost allows it, but in many cases, novel frameworks are needed to address the
above challenges. In the following subsections, two frameworks that have been developed and
can be used at different steps of the validation hierarchy to reduce the computational cost are
presented.

4.3.1 Uncertainty Quanti cation and Sensitivity Analysis Using Low- delity
Model to Inform High-Fidelity Model

To address all these challenges together, consistent UQ studies are performed using low-

delity modeling starting with single-physics. All sources of uncertainties should be considered
with their nature (epistemic versus aleatory) and properties de ned. The advantage of using
low- delity modeling relies on its low computational cost. Additionally, SA can be performed

to obtain even more information on the impact of each input uncertainty which could be
insightful at later steps of the validation hierarchy. Using the information obtained from the
UQ (and SA), a more ef cient UQ can then be performed using the high- delity models, and
then using the coupling. The objective is to use the conclusions of the previous UQ (and SA) to
reduce the cost of the next UQ study to be performed. The approach then follows the same path
as the validation: starting with single-physics followed by incremental multi-physics modeling.
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This framework was originally developed for FP UQ and SA but can be used for other physics
[89]. The nature of the uncertainties (aleatoric versus epistemic) is treated consistently allowing
one to obtain meaningful results. Figure 4.10 presents the framework.

Figure 4.10: UQ and SA framework for low- delity codes.

The rst step consists in identifying all possible sources of uncertainties (model, BCs, ma-
terial properties, manufacturing) and characterize them based on the available knowledge
(experiments, measurements, inverse UQ, indirect evaluations, literature reviews, expert judg-
ment). For the aleatoric uncertainties, which are evidence-based uncertainties, the previously
quanti ed statistical distribution should be used such as a normal distribution N( , )withthe
mean () and standard deviation () for example. For the epistemic uncertainties, an interval
[a, b] can be used following the approach discussed in [12]. For the characterization of the
inputs as epistemic or aleatoric, the approach used is to consider aleatoric the inputs which
we are more con dent about their uncertainty characterization due to the availability of direct
measurements, while all the others are considered epistemic. Once all the input uncertainties
are de ned, a qualitative screening analysis is performed using the Morris method to reduce the
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number of uncertain inputs  [51]. This is an important aspect because the nested loop used for
the epistemic and aleatoric uncertainty propagation and the sensitivity analysis computational
costs depend on the dimension of the effective input space. In this screening, there is no need
for separate treatment of epistemic and aleatoric uncertainties. The outcome of this step is a
reduced number of inputs that have the largest impact on the Qol.

The second step of the framework is the separate propagation of epistemic and aleatoric
input uncertainties using a nested loop approach (see Algorithm 1). The epistemic input
uncertainties represent a lack of knowledge, something that means that there is a true value for
these inputs that lies in the de ned interval space, but it is unknown to us. For this reason, in
the outer loop, one set of values for the epistemic inputs is selected. In the inner loop, stochastic
sampling is applied to the aleatoric inputs that represents the irreducible uncertainty. The
selection of epistemic input values in this work is performed using a full factorial grid of points
to ensure that the extremes in this space are covered. If the epistemic input space is high
dimensional, sparse grid approaches or stochastic approaches such as LHS can be used. The
aleatoric uncertainties are sampled using a LHS and the same samples are used for every
epistemic grid point. This allows sample-to-sample comparisons across the various epistemic
grid points. Once the nested loop is concluded, the result is a set of aleatoric CDF for every
epistemic grid point. The various CDFs are combined to construct p-boxes for each Qol. At this
stage, some preliminary analysis of the results is carried out by computing correlation-based
indices.

Algorithm 1 Step 2 nested UQ algorithm

Epistemic uncertainties discretization (full factorial grid)
Aleatoric uncertainties discretization (LHS)
for Epistemic grid point in full factorial grid do
for Aleatoric input combination in LHS sampling do
Perform a simulation
end for
Obtain a CDF
end for
Obtain a p-box

The third step involves the selection of critical epistemic grid points where global sensitivity
analysis will be performed by computing the Sobol indices. These indices decompose the
variance of the output based on the variances of the inputs. Since the epistemic inputs have
a true but unknown value, a separate treatment of the epistemic inputs is needed to obtain
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accurate results, similar to the UQ (a similar treatment of epistemic and aleatoric uncertainties
would potentially lead to epistemic inputs dominating the indices creating misleading results).
Therefore, in this framework, it is proposed to perform Sobol sensitivity analysis only for the
aleatoric inputs but for different critical epistemic grid points [52]. This step thus identi ed
these grid points based on a discrepancy metric between the obtained CDFs in the previous
step. The metric can be any distance metric between two CDFs. The critical grid points can
then be identi ed as the epistemic input combinations leading to the highest and / or lowest
value of the selected distance metric and thus should re ect the largest variations between the
grid points CDFs.

The fourth and last step is the computation of Sobol indices for the selected grid points [52].
As stated above, Ikonen et al. [79] showed that interactions between uncertain inputs in FP can
be signi cant and need to be taken into account in sensitivity analysis studies. Sobol indices
capture the impact on the Qol of such interactions, making it therefore a suitable method for
FP uncertainty analysis [52]. However, Sobol indices computations require many calculations
and rely on the hypothesis that the inputs are independent. For dependent inputs, generalized
Sobol indices or other indices (e.g. Shapley) should be used [90, 91]. For d uncertain inputs
and N samples of at least 104, a total of N (d + 2) 10* code evaluations are needed [53]. This can
be prohibitive for the high- delity model /code and thus a surrogate model-based approach
can be employed to accelerate the calculations. The models, one per epistemic grid point, can
be trained on the samples of the uncertainty propagation step and their accuracy assessed
on the direct Sobol results. In some cases, highly non-linear behavior and strong interactions
between the inputs are present, potentially leading to low accuracy of the surrogate models for
Sobol indices calculations at every grid point. Therefore, performing both direct Sobol indices
calculations using code calculations and surrogate models is recommended to determine the
surrogate model capabilities in predicting the Sobol indices. In the case where the surrogate
model provided accurate predictions on the selected grid point, then it can be re-trained using
the high- delity model /code results and be used instead.

The framework can be seen as evaluating the effects of the aleatoric uncertainties for
multiple plausible values of the epistemic uncertainties. If evidence exists showing a statistical
behavior of an epistemic uncertainty, then an associated PDF can be used without changes in
the framework developed.

The theory behind Morris Screening (Step 1) and Sobol sensitivity analysis (Step 4) are
explained in Chapter 3 Section 3.3, while nested UQ (Step 2) is explained in Chapter 3 Section
3.2. The following subsections explain the theory behind Step 3 of the framework and how to
inform high- delity model /code.
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Step 3: Selection Of Epistemic Grid Points

As mentioned in previous sections, the direct Sobol method requires a high number of
computations, making it most of the time not practical to perform on the entire epistemic
grid. To alleviate these high computational constraints, an analysis of the CDFs to determine
critical grid points is performed. For example, the integral of the difference D between the
CDF obtained for the nominal epistemic grid point (i.e. the reference grid point and reference
CDF corresponding to no epistemic variations), denoted by  Fy,m : X 2 R! [0,1], and every
other grid point CDF, denoted by F :x 2R! [0,1]is used as de ned in the following equation.

z
Ds=  (F(X) Fyom(x))dX (4.8)

The selected grid points are then the ones with the highest and lowest D, values, corre-
sponding thus to the extreme CDFs. These two grid points and the nominal one constitute the
three grid points for which Sobol sensitivity analysis is performed. Other distance metrics could
be used for speci ¢ applications and more grid points could be added if deemed necessary.

Uncertainty Quanti cation for A High-Fidelity Code

The developed framework requires a high number of computations, which is not feasible
for high- delity. Hence, it can be used in synergy with a low- delity code to identify a small
and reduced subset of important aleatoric uncertain inputs in uencing the Qol (according
to the Sobol results) as well as critical epistemic grid points. A more ef cient UQ using the
high- delity code can then be performed. In this case, the framework is used as lower- delity
screening.

An important task for going from low- delity to high- delity is to evaluate the potential
sources of discrepancies in uncertain inputs between the low- delity and the high- delity
model: the high- delity model may allow perturbing some parameters (or modeling options,
BCs, etc.) that the low- delity model does not allow. In this case, the evaluator needs to deter-
mine if these inputs need to be added or not to the aleatoric and epistemic uncertain inputs
selection used by the high- delity code. Quick sensitivity studies can be performed to evaluate
the potential impact of these new uncertain inputs. The evaluator also has to evaluate the
difference in models between low- delity and high- delity models. An uncertain input may be
deemed non-in uential on the Qol for the low- delity model, but by using a different physics
model, the high- delity model may arrive at a different conclusion.

Step 4 also helps to determine if the surrogate model can be used for the scenario being
modeled. Therefore, if con dence in the surrogate model has been built, it is possible to use
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the surrogate model and train it using the high- delity model results to perform the SA. Such
an approach can also be used to perform a more robust UQ.

4.3.2 lterative Uncertainty Quanti cation

The second proposed framework is based on identifying the maximum multi-physics
coupling level (or single-physics) for which the UQ computational cost is deemed reasonable
and performing UQ studies with it. The idea is to decompose the full coupling M %into separated
multiple models M J.” ' until UQ studies using the separated models can be performed from the
computational cost aspect. To illustrate the framework, we considered two models coupled
together, the following equations can be used to describe the multi-physics coupling as well as
the single-physics modeling:

Y Y, = FX5 X2 XD XE X2, LX) (4.9)
Y1, Y2 = Fl(xllvxlz, ---,Xf»Yzl) (4.10)
Y2, Y1 = F2(X21,X22,...,X2m,Y12) (4.11)

where F: X 2R"™™ ! R, F:X 2R"! R,andF,: X 2R™! R are representing the coupling
between both models, model 1, and model 2, respectively. n is the number of uncertain inputs
of model 1, while m is the number of uncertain inputs of model 2. Xij represents the j-th
uncertain input of model i.Y; and Y, are the Qol(s) for model 1 and model 2, respectively. Y
is the data being exchanged from model i to model j (in this case only one quantity for each
code is exchanged). For the single-physics modeling, the data exchanged are considered both
as outputs and as uncertain inputs for the other model.

First using the single-physics model F;,aUQ is performed with Y,, being xed atits nominal
value and the variations of Y; and Y;, are then evaluated. Using F,, a second UQ is performed
using the variations of Y;, previously determined. The variationsof Y, and Y,, are then evaluated
and the iteration process is continued with a third UQ being performed using F, taking into
account the variations of Y,;, and so forth until the variations of Y;, Y,, Y;5, and Y,; have all
converged.

The nal UQ studies performed with both single-physics models allow one to capture
part of the feedback between both models. To evaluate the error introduced by the use of
single-physics, a few uncertain input combinations across both models are selected and are
propagated using both the coupling (i.e. F) and the single-physics models. The difference
between the coupling and single-physics models Qols are then compared to evaluate the error
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introduced by the use of single-physics. It is important to note that it is an evaluation of the
error because the error may vary over the entire uncertain input space but it is evaluated at a
few uncertain input combinations only.

In the example above, only two models are coupled together, but the approach can be
extended to three or more models coupled. Additionally, F; and F, can represent couplings and
not just single-physics models. The objective is to determine the largest couplings that can be
used to perform UQ and then evaluate the errors introduced by using fewer models than the
full coupling.
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CHAPTER

3}

APPLICATION OF THE MULTI-PHYSICS
TRANSIENT VALIDATION GUIDELINES TO
THE MPCMIV COLD RAMP 1

5.1 Multi-Physics Pellet Cladding Mechanical Interaction Vali-

dation Benchmark

In this work, part of the MPCMIV Tier 2 Phase 2 (cold ramp 1 with the in-pile loop domain
modeled) is investigated using a coupling between Grif n (RP), THM (TH), and Bison (FP)
(MOOSE-based codes) to demonstrate the developed validation guidelines. A father rod that
has been irradiated for three years in a BWR was re-fabricated into a smaller fuel rodlet which
was then used for a cold ramp test at the Studsvik R2 reactor. The ramp procedure consists of the
insertion of the rodlet into the in-pile loop from above the R2 core, followed by an irradiation
for less than one minute at constant R2 power, and then the the reactor is shutdown while
the rodlet still sits in the in-pile loop. The in-pile loop, a nested structure (see schematic in
Figure 5.1) which is the domain being modeled, is composed of (from outward to inward)
a U-tube structure (also called in-pile loop structure), a ramp rig inside the descending side
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of the U-tube, a ramp capsule, and the rodlet, with water owing between each structure.
Some of the junctions between each coolant channel are small holes distributed radially on
the cylindrical structures (see Figure 5.1).

The following sensors / measuring systems were used during the cold ramp test:

» Thermocouples in the ramp rig above and below the in-core part of the ramp rig, and at
the outlet of the in-pile loop,

» Aventuri ow meter inside the ramp rig located with the thermocouple below the in-core
part of the ramp rig,

» An elongation measurement sensor to measure the cladding axial elongation.

The obtained measurements are used for comparison with code predictions.

Figure 5.1: Schematic of the in-pile loop. TH: thermal-hydraulics, RP: reactor physics, and FP:
fuel performance.

As the benchmark is still ongoing at the time of writing this dissertation, quantitative input
and output are shown when possible, else qualitative input and output data are presented.

5.1.1 Base Irradiation Fuel Performance

The father rod considered in the benchmark was extracted from an SVEA-96 fuel assembly
originally irradiated for three irradiation cycles (15, 16, and 17) in the Forsmark 2 BWR. Table
5.1 presents the main dimensions and characteristics of the father rod, also available in ~ [13].
Figure 5.2 shows the evolution of the LHR normalized using the rod-average LHR as well as
the axial power pro le for the three cycles. To have a more quantitative understanding of the
case under consideration, one can consider that the LHR during the base irradiation is in the
order of 10 kwW/m, while the reactor inlet temperature and pressure are 274 °C and 70 bars,
respectively. A rodlet was then refabricated from the father rod (located in the rst half of the
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father rod), with a total length slightly smaller than 0.5 m. The rod free gas was ushed and the
rodlet was lled with helium at a pressure around a few MPa.

Table 5.1: Speci cations for the father rod manufacturing parameters. Some speci cations
are also used by the fuel rodlet. The missing data are indicated by an asterisk sign (*).

Parameter Value Parameter Value
Fuel pellet diameter 8.19 mm Gap gas composition 100 % He
Radial cladding Fuel surface
thickness 0.63 mm roughness* 2 pm
Radial gap thickness 0.085 mm Cladding surfilce 0.5um
roughness
Fuel density 10.6 ¢/ cm? Open porosity* 0%
5 .
Enrichment 2.22% Re-sintering density* 0.5% Thegretlcal
Density
Pellet stack length 3.68m Grain size* 10 pm
0,
Gap pressure 0.8 MPa Spring volume* 6 % of the upper
plenum volume

Some data needed to model the base irradiation is missing and thus are selected after
careful review of previous publications, benchmarks, and expert opinions. Table 5.1 shows the
speci cations used in this work with the missing data indicated by an asterisk sign (*). Some of
these parameters such as the re-sintering density or nal densi cation can have a large impact
on the results, affecting the starting gap size of the subsequent analysis for the cold ramp. In the
benchmark speci cations, there is no information about the initial plenum length, but instead,
there is a measurement of the total rod free volume after the base irradiation. For this reason,
the initial plenum length value is calibrated using FAST so that the total rod free volume after
the base irradiation is close to the experimental measurement. The resulting value is 209.8 mm
and itis used in all the FP code models.

The father rod and fuel rodlet LHR have been modi ed by the benchmark team using a
multiplicative coef cient of 0.9744 for the father rod and 0.9233 for the fuel rodlet due to the
burnup results discrepancies obtained across multiple participants. It allows obtaining an
average burnup across the participants to match the experimental measurements (the same
coef cient is used by all participants).

Experimental data obtained from PIEs before and after the refabrication are available for
comparing the codes' predictions. The total rod free volume, internal pressure, FGR fraction,
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Figure 5.2: (A) Normalized LHR (using the average LHR), (B) Relative axial power.

burnup, gap size, and cladding axial pro lometry which measures the cladding outer diameter,
along the axial length, taking into account the outer oxide layer, have been measured for
the father rod, while the burnup and cladding axial pro lometry have been measured for

the fuel rodlet. Concerning the gap size in the father rod, a non-destructive compression
method was used at 20 axial locations not necessarily representing the entire father rod and no
measurements are available at the location of the rodlet. These measurements however tend to
indicate that the gap is open at the end of the base irradiation with a radial gap above 45 m at
the measured locations. However, according to  [92], low to medium accuracy of results can be
obtained with such techniques. In addition, no uncertainties in the measurement exist and the
data are available only in graphical format. For these reasons, the author deemed the results
not t for the purposes of the benchmark and decided to not include these measurements in

the model validation studies. The father rod pro lometry is also only available in graphical
format. While for pro lometries an accuracy around few m is generally desired, this could
not be achieved for the father rod. On the contrary, the axial pro lometry of the fuel rodlet is
available using a data point format and with reasonable uncertainties (few m). Therefore,
only the rodlet pro lometry is used for comparison.

5.1.2 Cold Ramp Test 1

The LHR was determined by a fast-acting calorimetry technique and its temporal evolution
during the cold ramp is shown in Figure 5.3 after being post-processed and normalized to the
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maximal LHR. The technique consists of using the coolant temperature difference before and
after the rodlet to estimate the energy deposited in the water, energy which originates from the
rodlet, hence providing accurate results for steady-state or slow transient. The equation used
to calculate the peak LHR from the coolant temperature is (taken from  [13]):

( T Tecor) F Co(P,T) Qgam 0.863+0.137 exp( Py.=33.4) Pr,=50
L

LHR(peak) = Cgac
(5.1)
where:

Ce ac is the power peaking factor,

T the difference in temperature between ramp rig inlet and outlet,

* Trcor the correction factor to account for the offset of T at zero power,
* F the mass ow rate,

* C, (P, T)the coolant heat capacity,

* Qg am the gamma heating power generated in the ramp rig metallic structure for a R2
reactor power of 50 MW and an 3H e pressure of zero (°H e coils are wrapped around the
ramp rig for controlling the irradiated rod power by changing the coils pressure),

* P, the *He pressure,

e Py, the R2 reactor power in MW,

L the lenght of the rodlet.

During the cold ramp (from start to peak transient), most parameters in Eq. 5.1 can be
considered xed with the exception of the coolant heat capacity and the temperature difference.
For the former, the coolant temperature and pressure increase are relatively minimal so coolant
heat capacity can be considered constant. Therefore, the LHR has a linear relationship with
the temperature difference between ramp rig inlet and outlet during the cold ramp.

For fast transients with sharp power increase, the time scale for power generation and de-
position, followed by heat transfer from the fuel pellets to the gap, cladding, and then coolant,
introduces atime delay which in uences the calorimetric technique measurements. Therefore,
for this scenario where the power is expected to rise sharply, the calorimetric measurements
cannot provide an accurate prediction of the LHR. But due to the lack of any other measure-
ments, the determined LHR is used for the standalone FP models and TH - FP coupling.
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For the coolant temperature and pressure during the cold ramp, they are within 40 Cto
80 C and around 25 bars, respectively. The R2 reactor axial power distribution is not speci ed
in the speci cation, and therefore a at pro le is used.

Figure 5.3: Relative LHR during the cold ramp.

The only available measurements for the fuel rodlet are:

» The cladding axial pro lometry after the cold ramp test. Similarly to the father rod, it
measures the cladding outer diameter along the axial length taking into account the
outer oxide layer. No information on the environment (temperature and pressure) and
the technique used are available for this measurement, therefore a temperature of 20 C
and atmospheric pressure are assumed.

» The cladding axial elongation was measured during the cold ramp test. When the rodlet
sits in the ramp capsule inside the ramp rig, it is in contact with an elongation detector
which measures the rodlet elongation.

For the elongation, some post-processing is realized to remedy for the lack of measurement
points at the beginning of the ramp test. Indeed, the rodlet is initially sitting above the core and
after the rodlet is inserted in the core, it enters into contact with the elongation measurement
system only when itis at its nal position. Therefore, for the rst few seconds of the cold ramp
when the fuel rodlet is still being inserted, no axial elongation is measured. As the fuel rodlet
remains in the in-pile loop after the R2 reactor shutdown, measurements corresponding to
zero-power reference conditions are available. Therefore, by subtracting a measurement value
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obtained at zero power from the measurements during the ramp and assuming no plastic
deformation, it is possible to obtain a good estimation of the cladding axial elongation due to
the ramp test only.

5.1.3 Validation Approach

For this scenario, the following validation approach, based on the proposed guidelines, is
used:

« Step 1: single-physic TH modeling (model M¢) using a steady-state scenario and single-
physics FP modeling of the base irradiation followed by cold ramp 1 (three models are
considered M2, M2, and M 2). The BCs representing the other physics for the TH model
are the gamma heating deposited in the coolant and metallic structures, while for the
FP, it is the speci cations LHR (obtained by calorimetric technique) and inlet coolant
temperature, mass ow rate, and coolant density.

e Step 2: coupled TH - FP modeling (model Mol) of the cold ramp 1 and coupled RP - FP
modeling (model M 11) of the cold ramp 1. The rst coupling BCs are the speci cation LHR
and gamma heating, while for the second coupling, it is the inlet coolant temperature,
mass ow rate, and coolant density.

+ Step 3: coupled RP - TH - FP (model M °) modeling of the cold ramp 1.

As aforementioned, the TH domain has two Qols (the temperature at three locations and
mass ow rate) while the FP domain has only one (cladding axial elongation) and the RP has
none for the cold ramp 1. For the latter, the computed LHR using the calorimetric technique
could be used but is not accurate as explained above and shown below. Therefore, using the
terminology introduced in the previous chapter, we have:

» Localized speci ¢ Qol: ramp rig inlet temperature, ramp rig outlet temperature, in-pile
loop outlet temperature, ramp rig outlet mass ow rate, cladding axial elongation,

» Globalized speci ¢ Qol: coolant temperature which will be called TH temperature,

» Globalized all Qols: FP Qol and TH Qols

The validation metrics used for FP and TH physics are shown in Table 5.2. For the speci c
time step, the peak transient time is used, while for the intervals, the transient (from start
to peak transient) is separated into 2 intervals: rst2 /3 and then the remaining 1 /3 of the
transient. The rstinterval corresponds to a purely transient aspect of the scenario while in
the second interval, a steady-state is starting to be reached.
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Table 5.2: Validation metrics matrix used for FP and TH.

Localized Globalized Glc()?boailslz(zc;fll
i I ' I ;
Speci ¢ Qols Speci ¢ Qols domain)
Speci ¢ time Forall FP and TH temperatures For FP and TH
step TH Qols
For all FP and
Intervals TH Qols TH temperatures For FP and TH
Entire transient Forall FP and TH temperatures For FP and TH
TH Qols

Before performing validation activities, veri cation activities are performed. The mesh and
time step studies are shown in Appendix A.

5.2 Single-Physics Modeling

5.2.1 Fuel Performance

Three codes are used for performing the FP single-physics modeling: FAST, OFFBEAT, and
Bison and are introduced in the following subsubsections  [7, 93, 94.

Codes Description

The FAST code derives from the merging of FRAPCON and FRAPTRAN with capabilities for
modeling both steady-state and transient scenarios for LWRs [93, 10, 95]. The code is frequently
used by the Nuclear Regulatory Commission (NRC), U.S., for the analysis of a large range of
irradiation conditions and fuel pin designs. The code relies on:

* The MATPRO package for the fuel and cladding material properties,
» The FRACAS-I (small strain hypothesis) and BALONZ2 models for the mechanical analysis,

e The Massih model for steady-state FGR and the FRAPFGR model for the FGR during
reactivity-initiated accidents (additional FGR models are also available in FAST)  [96, 97].

FAST employs the nite difference method and follows the traditional 1.5D approach,
modeling the fuel pin as a series of a few 1D axial slices, coupled axially via the FGR and the
gap pressure. This leads to very short computational times, rarely above a few minutes for the
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most complex irradiation histories. Some of FAST limitations originate from the rigid pellet
hypothesis as the stress-induced deformations of the fuel are neglected (such an hypothesis is
generally made in many FP codes, but contrary to FAST, Bison and OFFBEAT offer the possibility
of using fuel stress-induced deformations models if needed). Therefore, only fuel thermal
expansion, relocation, swelling, and densi cation can impact the fuel pellet size. Additionally,
FAST relies on a no-slippage hypothesis causing the fuel axial elongation to be fully transmitted
to the cladding during PCMI, hence removing a degree of freedom to predict the cladding axial
elongation. Like most FP codes, 50% of the relocation is allowed to be recovered during soft
contact between fuel pellets and the cladding. Soft contact is de ned as when the pellets and
the cladding are in contact but not all of the 50% of the relocation has been recovered. Once
the relocation has been recovered, hard contact happens between the pellets and cladding and
the fuel axial elongation is then being transmitted, under the no-slippage hypothesis, to the
cladding. The FAST 1.0.1 version was used for this study.

The OpenFOAM Fuel Behavior Analysis Tool (OFFBEAT) is based on the open-source
C++ library OpenFOAM. Therefore, it employs the nite volume method to discretize and
solve its governing equations on unstructured meshes with arbitrary geometries. The code
is multidimensional as it offers 1D, 2D, and 3D modeling capabilities, and it can be used for
both transient and steady-state conditions. Using the meshing capabilities of OpenFOAM,
smeared pellets and discrete pellets can be modeled. OFFBEAT includes a wide range of material
properties and behavioral models deriving from the open literature (mostly from MATPRO, as
well as from the manuals of Bison and FRAPCON) and it includes the open-source 0D code
SCIANTIX developed at the Politecnico di Milano as ssion gas release model [98]. OFFBEAT
also relies on the rigid pellet hypothesis but allows both small strain hypothesis and large strain
hypothesis solving. Finally, like FAST, 50% of the relocation can be recovered, however, the
transmission of the fuel axial elongation to the cladding happens during both soft and hard
contact.

Bison allows 1D, 2D, and 3D modeling capabilities, including both smeared and discrete
pellets modeling. Bison offers a wide variety of models for the various phenomena considered
in FP simulations (different models for fuel creep, cladding creep, etc., small and /or large
strains hypothesis), and offers exibility on the type of fuel being modeled and its properties
(UO2, TRISO, metallic, etc.). Regarding the pellet-to-clad contact, the mortar contact model
included in Bison aims at tackling PCMI using a different approach than the traditional node-
on-segment method resulting in higher accuracy and higher stability  [99]. Fission Gas Release
modeling for UO2 fuel is supported by the Simple Integrated Fission Gas Release and Swelling
(Sifgrs) model [100Q].
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Model Development

A common approach when modeling refabricated rods is to develop a model for the father
rod and a model for the rodlet. For most FP codes (e.g. Bison), it is not possible to replicate the
refabrication process by altering the rod length (and mesh) and then mapping the information
on the smaller mesh. For the rodlet model, the base irradiation BCs corresponding to the BCs
at the axial position of the fuel rodlet are used, and the plenum length is scaled by preserving
the plenum-to-rod length ratio. Such process introduces small errors that are deemed not
in uential on the obtained results.

To model both the base irradiation and cold ramp test, the code default models were used.
These settings are shown in Table 5.3. Itis important to note that most codes rely on MATPRO
fuel and cladding properties.

Table 5.3: Models selected for each code for the father rod and the fuel rodlet.

Physical FAST Bison OFFBEAT
Phenomenon
. : Through
Fuel cracking Through relocation Smeared .
relocation
Fuel relocation FRACAS-I ESC.ORE FRACAS-I
modi ed
Fuel swelling FRACAS-I MATPRO MATPRO
Fuel FRACAS-| ESCORE MATPRO
densi cation
Modi ed
FGR Forsberg-Massih (no Sifgrs SCIANTIX
grain growth and x
value of 10 m)
Cladding Cree Modi ed Limbéack and Hoppe, Limback Limback and
9 b Andersson and Andersson Andersson

Another important modeling parameter in uencing the cladding displacement, the total
rod free volume (through the change of the gap size), and the rod internal pressure, is the type of
cladding (this information is not known from the speci cations). A literature search for similar
rods tends to indicate that re-crystalized annealed (XRA) method was used for the fabrication
of the cladding. To provide additional con rming information, a study of the impact of using
stress relief annealed (SRA) versus XRA cladding was performed. The use of SRA modeling
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options in FAST and Bison results in cladding outer diameter displacement of -26.2 m and
-31.6 m, respectively. Such high displacements lead to discrepancies with the measurements
being too large. The use of the XRA modeling options was then selected for all the codes and it
led to satisfactory results.

Due to FAST being a 1.5D delity code, the number of axial nodes can be small for the father
rod, however for the fuel rodlet to fully converge the cladding axial elongation, a ne axial
mesh is used (see Table 5.4, the same number of axial nodes for the power pro le are used).
The Massih FGR model is recommended for best-estimate calculation during steady-state
modeling and is therefore used (also because there is no signi cant FGR in these scenarios due
to the low measured and predicted burnups) [93]. Therefore, the same model is used during
the cold ramp even though the model is not recommended for such transient.

Concerning OFFBEAT, a similar nodalization to FAST is used for the fuel rodlet. A 3D mesh
(slice) is selected with axial symmetry equivalent to 2D axisymmetric mesh and smeared pellets
modeling. As typical for OpenFOAM axial-symmetric models, the mesh correspondsto1 /180
(azimuthally) of the entire fuel rod, as seen in Figure 5.4, with only one element being used in
the azimuthal direction. The cladding outer surface temperature provided by FAST calculations,
which is determined FAST thermal-hydraulics module and based on the inlet temperature,
heat ux from the rod, and heat transfer coef cients, is used as BC in OFFBEAT. Pellet-to-clad
contact is handled using a penalty formulation with a user-selected friction coef cient.

In Bison, the predetermined meshing options are used for the father rod, and a customized
mesh is used for the rodlet. Similarly to OFFBEAT, a 2D mesh with axial symmetry and smeared
pellets (shown in Figure 5.4) is used. The coolant channel module of Bison is used to predict
the coolant properties and heat transfer coef cient. The pellet-to-clad contact is managed
by the contact module and speci cally, the coulomb and mortar options are selected. As
mentioned above, the mortar method is among the most accurate modeling options for PCMI
implemented in Bison [99].

Table 5.4 shows the nodalization used by all the codes and Figure 5.4 shows a snapshot of
the mesh used in OFFBEAT and Bison.

Base Irradiation Results

The initial conditions for transient simulations in FP studies are very important since they
will determine the onset of PCMI: for example, the fuel and cladding deformations have a
direct impact on the gap size, and therefore its speed of closure. Additionally, the burnup also
in uences some material thermal properties. For these reasons, the base irradiation results of
each FP code are carefully investigated and compared against the available experimental data.

Table 5.5 presents ranges for each of the father rod measurements (the values obtained
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Table 5.4: Fuel nodalization for each FP code.

Father Rod Fuel Rodlet
Code Axial Radial Axial Radial
nodelization nodelization nodelization nodelization
FAST 29 45 90 45
OFFBEAT 50 30 100 45
Bison 1685 25 208 45

by measurements are within the provided ranges) and the difference of each code with the
experimental measurements (a negative value means that the prediction is lower than the
measurement). Concerning the fuel rodlet, the average burnup is shown in Table 5.5 as well
as the average cladding outer diameter displacement after the refabrication. The general
conclusion is that all quantities are predicted with reasonable agreement. More speci cally,
for the total rod free volume prediction of Bison and OFFBEAT, the observed discrepancies
with measurements are within expectation as shownin [76]. Between each code (FAST versus
OFFBEAT versus Bison), the main differences observed are coming from the fuel crack volume
and gap size. The relocation model used in each code is the default one since no model is
common to all codes. The relocation impacts the gap size but also the fuel crack volume. This
led to different radial gap sizes (average gap size FAST: 50 m, OFFBEAT: 20 m, Bison: 64
m) and fuel crack volume predictions (FAST predicts about two times less crack volume
than Bison or OFFBEAT). Concerning the rod internal pressure, it is predicted by all the codes
with good accuracy. However, these predictions are functions of the total rod free volume. It is
important to remind that FAST was used to determine the plenum length leading to a predicted
total rod free volume in agreement with the measurement. For the burnups, the source of the
discrepancies observed between the codes can originate from the LHR input data processing
of each code (steps or linear interpolation for example). Finally, the FGR is very low for this
rod and scenario. At such low ssion gas release, it has been shown that codes can have such
discrepancies compared to measurements [77].
The cladding outer diameter pro lometry right after refabrication has been determined

by four measurements spaced by a 45 ° angle. Additionally, these measurements include the
cladding oxide thickness. It is important to note that the measurements did not seem to show
any radial plastic deformations because of PCMI (i.e. no ridge or deformations following the
axial power pro le) over the entire length of the rodlet due to the base irradiation. The pro-
lometry is therefore relatively constant and can be approximated by its average value. Figure
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Figure 5.4: (A)and (B) Fuel rodlet mesh for Bison and OFFBEAT, respectively. Axial scaling of
factor: 0.05 for all mesh.

Table 5.5: Base irradiation comparative results between FAST, OFFBEAT, and Bison (predic-
tions minus measurements) for the father rod and the fuel rodlet. P means prediction and M
means measurement.

Qols Unit Measurement P-M
range FAST Bison OFFBEAT
Total rod free volume
(at20° C) cm3 18t0 20 0.06 -0.66 0.69
Rod internal pressure MPa 0.8t01 0 002 | 0.005
(at0° C)
FGR (XetKr) % 0t0 0.5 0.041 -0.047 0.016
Fatherrod average | v/ yqu 21t0 25 0.56 0.02 0.01
burn-up
Rodlet burn-up MWd/ kgU 2410 28 0.54 0 0.01
Rodlet cladding
average diameter m -5to +10 4 -15 -14
displacement
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5.5 shows the cladding outer diameter pro le (taking into account the oxide layer predictions
and at room temperature and atmospheric pressure) for the fuel rodlet for each code compared

to the average measured value. The red and blue lines represent the minimum and maximum
of the four pro lometry measurement angles including their associated uncertainties (their
small variations can be explained by different oxide thickness and measurement uncertainties).
As seen in Figure 5.5 and Table 5.5, Bison and OFFBEAT predictions are very close to each
other but show discrepancies with the average measurement. On the contrary, FAST predicts
with good accuracy the average cladding outer diameter. Decomposing the cladding outer
diameter into the cladding displacement itself (creep) and the cladding oxide thickness, allows
determining the source of the discrepancies observed. The comparison is performed at cold
conditions and at the same temperature, therefore the thermal expansion is expected to not
play a signi cant role in the discrepancies observed. The cladding outer displacement pre-
dicted by FAST is very close to the ones predicted by OFFBEAT and Bison with a difference
of 1 m only. The main source of the discrepancies was therefore due to the oxide thickness.
Indeed, in FAST, a different oxidation model is used for modeling a PWR and a BWR. The
oxidation model for a BWR, which is the type of reactor where the father rod was irradiated
during base irradiation, predicts higher oxide thickness and leads to cladding outer diameter
predictions closer to the measured values. When using the BWR oxide model, the nal aver-
age oxide thickness is 9.46 m radially, while the PWR model would predict an average oxide
thickness of 1.77 m. Therefore, a difference around 15 m on the cladding outer diameter is
observed based on the oxide model which is in line with the discrepancies observed for Bison
and OFFBEAT. In Bison, only one model for oxidation exists and predicts in our scenario an
oxide thickness of 1.80 pum. This result is very close to FAST results with the PWR oxide model.
Therefore, even though Bison predicts a smaller cladding outer diameter compared to FAST
and the measurements, it is entirely attributed to the oxide models implemented and this
discrepancy is expected to signi cantly decrease when BWR models will be available. Due
to the OFFBEAT oxide model being based on the Bison model, the same conclusion can be
reached also for OFFBEAT. Therefore, the results obtained with FAST, Bison, and OFFBEAT for
the cladding outer diameter are all deemed explainable and satisfactory.

Cold Ramp 1 Results

After modeling the base irradiation, the rst cold ramp is investigated, and the predictions
obtained are compared to measurements. Figure 5.6 shows the cladding axial elongation
during the cold ramp. The curves have been normalized using the maximal cladding elongation
measurement. The same post-processing used for the measured values is also applied to the
code predictions.
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Figure 5.5: FAST, OFFBEAT, and Bison comparative results against the available measurements
for the predicted cladding outer diameter at the end of the base irradiation for the fuel rodlet.

Figure 5.6: FAST, OFFBEAT, Bison comparative results against available experimental data for
the relative cladding axial elongation during the cold ramp 1. FC: friction coef cient.
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FAST underpredicts the cladding axial elongation due to the fact that only soft contact takes
place between the pellets and the cladding during the simulation: i.e., (thermal) gap closure
happens but the fuel strains are not enough to recover 50% of the relocation and reach a hard
contact. As in FAST the fuel axial elongation is only transmitted in case of hard contact, this
leads to large discrepancies with measurements due to the cladding thermal expansion being
the main source of cladding axial elongation. Concerning OFFBEAT, soft contact followed by
hard contact occurs halfway through the ramp as it can be seen by the change in slope due to
the fuel axial elongation being transmitted to the cladding. During soft contact, the fuel axial
elongation is transmitted to the cladding proportionally to the contact pressure in OFFBEAT,
which differs from the contact approach used in FAST. A friction coef cient of 0.1 was used
and it is observed that the fuel axial elongation is being transmitted to the cladding as soon as
contact between pellets and cladding happens. The difference in slope and amplitude between
experimental measurements and OFFBEAT predictions seems to indicate that the gap closure
might happen in the actual rodlet at the very beginning of the cold ramp. Concerning Bison,
the model developed is able to converge only with a null friction coef cient, leading to the
fuel axial elongation not being transmitted to the cladding. An analysis of the time of PCMI
onset (gap closure) is then performed and shows that Bison predicts gap closure two seconds
before OFFBEAT predictions, which is still too late in the ramp compared to measurements.
The general conclusion is that none of the codes is able to capture the measurement pro le
over time correctly. Additionally, as seen in Figure 5.5, the measurements tend to indicate
that the cladding outer diameter azimuthal variations are not constant (i.e. ovalization). If the
gap follows similar variations as well, then a smaller gap could be expected at some azimuthal
locations, hence leading to PCMI onset earlier. However, due to the lack of 3D power distribution
data, such an analysis cannot be performed. Finally, in FP large input uncertainties exist on the
physical models and material properties for example, which could result in large uncertainties
on the initial gap width before the cold ramp, hence impacting the cladding axial elongation.

The results before PCMI, which are due to the thermal expansion of the cladding and
indirectly to the coolant temperature, are also analyzed. The discrepancies observed between
Bison and FAST results originate from the different thermal-hydraulics modules and thermal
expansion models of each code. Concerning OFFBEAT and FAST results, it is only due to the
different thermal expansion models between the codes (OFFBEAT cladding outer surface
temperature BCs are obtained from FAST). Finally, OFFBEAT and Bison relying on the same
thermal expansion model show a similar trend in the cladding axial elongation before PCMI
onset.

The multi-level validation approach shown in Table 5.2 is applied to the cold ramp 1. For
the speci c time step (peak transient), a simple distance metric is used for the validation metric

85



(deterministic case, see Eqg. 3.1) while its temporal mean (see Eq. 3.17) and standard deviation
(see Eqg. 3.19) are used for the two time intervals (rst2 /3 of the transient and last 1 /3 of the
transient) and the entire transient. Concerning the validation score, as aforementioned the
scoring should be based on common practices when possible. A novel NEA /OECD benchmark
is evaluating diverse effects, such as gap size and pellet length, on the cladding axial elongation
predictions for validation purposes. In the benchmark, multiple ramp-ups followed by a holding

time and ending with a ramp-down, are modeled with various maximum LHRs between 40.5
kW/ m and 54.7 kW/ m. The results obtained by the participants can be resumed as follows for
Case 3a (similar pellet size and LHR as for the MPCMIV rodlet and cold ramp):

« One participant predicts up to three times the measurements,

¢ One participant does not predict any cladding axial elongation increase due to the ramp-
up,

» Some participants can predict the measurements within less than 25% margin, approx-
imately, with two of them being much closer to the measurements (within 5% to 10%
approximately).

It is important to note that two main differences exist between the MPCMIV cold ramp
case and this novel benchmark: (1) the ramp-up takes a total of six hours while in our case itis
less than one minute, and (2) an analysis of the nal elongation is performed and not of the
temporal evolution during the transient. It is believed that for our case, the temporal evolution
of the cladding axial elongation is very important to make sure that the correct phenomenology,
i.e. PCMI, is predicted. Therefore, using [101], the following validation score system is used
(linear interpolation in between):

A score of 5 is obtained when the distance between predictions and measurements is
below 5% (metrics normalized using the maximal measured elongation),

A score of 4 when the distance is 15%,

A score of 3 when the distance is 25%,

A score of 2 when the distance is 35%,

A score of 1 when the distance is above 45%

The temporal mean score is then computed for the intervals and entire transient. Table
5.6 shows the results obtained for all validation metrics /scores. The metrics values have been
normalized using the maximum measured cladding axial elongation. For FAST and Bison, the
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validation metrics show large discrepancies between predictions and measurements (large
distance at peak transient and large temporal mean). Concerning OFFBEAT, the validation met-
rics show better results especially for the interval 2 validation metrics, though the predictions
still exhibit large discrepancies with the measurements.

Table 5.6: Validation metrics for relative cladding axial elongation (top: FAST, middle: Bi-
son, bottom: OFFBEAT). For the intervals and entire transient, the mean and the standard
deviation areshownas( , ).

Localized Globalized Globalized All Qols
Speci c Qols Speci ¢ Qols (per domain)
FAST: 0.75 1
Speci ¢ time step Bison: 0.71 N/A 1
OFFBEAT: 0.38 2.66
(0.54, 0.20) 1.60
Interval 1 (0.58,0.18) N/A 1.40
(0.47,0.17) 1.70
(0.74,0.004) 1.00
Interval 2 (0.72,0.006) N/A 1.00
(0.46, 0.06) 1.60
(0.60, 0.19) 1.41
Entire transient (0.62,0.16) N/A 1.28
(0.47,0.14) 1.67

5.2.2 Thermal-Hydraulics

Having performed all the necessary analyses for single-physics FP modeling, the focus is
now concentrating on single-physics TH modeling.

Code Description

THM, the TH module of MOOSE, provides all the necessary tools to perform TH calculations
using 1D modeling for single-phase uids. The module offers a wide variety of components,
closures, and logical control systems as well as 2D and 3D heat structures where the heat
conduction equation is solved. Similarly to Bison, the module relies on multiple uid properties
(gas, water, etc.) and different closures laws.

87



Model Development

The developed model corresponds to the system seen in Figure 5.1 but due to THM being a
1D modeling code, the 3-D junctions have been simpli ed to simple volumetric junctions (see
Figure 5.1 for an example of the junctions geometry). Additionally, the axial ow areas are also
simpli ed due to varying over very short distances (around few mm) at some locations along
the ow channels or because of 2D complex geometries such as the ventury system. An average
discretization of 10 cm per element is used. The in-pile is also considered thermally insulated
from the remaining of the reactor and therefore no heat is transferred from the reactor coolant
to the in-pile loop. Heating from gamma radiations (on the metallic structures and coolant)
originating from the R2 reactor is modeled and has been calculated by the benchmark team
for different R2 power.

The heat transfer coef cients between the metallic structures and the coolant channels
are computed by THM using Dittus-Boelter correlation. Concerning the friction between the
metallic structures and the coolant, the Churchill correlation is used to compute the Darcy
friction factor. The pressure drop due to changes in ow area and gravity are automatically
computed by the THM.

Results

Prior to the cold ramp modeling, other measurements in steady-state conditions are used
to evaluate the model accuracy for the THM model. In these scenarios, a calibration rod,
replacing the fuel rodlet but without any ssile material, is inserted in the in-pile. Therefore,
no heating from the calibration rod needs to be modeled. The rst scenario corresponds to a
zero-power R2 reactor with the goal of validating the in-pile thermal-hydraulics model using
the available measurements: coolant temperature at three locations (ramp rig inlet and outlet
and in-pile loop outlet) and mass ow rate (ramp rig outlet) and if needed to calibrate some
unknown parameters. The second scenario, in which the R2 reactor is at xed power, allows
one to evaluate the gamma heating of the model (representing the RP domain impacts on
the TH domain). For both scenarios, the predicted temperatures are within measurement
uncertainties, but the mass ow rate predictions show discrepancies with the measurements.
These discrepancies are attributed to the complex geometry (i.e. junctions) of the system which
needs to be simpli ed for the current modeling purpose. To remedy that problem, a pressure
loss coef cient is implemented in the model and is calibrated to obtain satisfactory results for
the mass ow rate. The loss coef cient is applied at the ramp rig inlet junction, which is also
the inlet capsule junction (to remind the reader, the capsule is inside the ramp rig which is
inside the in-pile loop and the coolant ows downward). According to [102], loss coef cients
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for junctions with side entrance in a cylindrical pipe can vary between 1 to 60 based on the
ratio of the entrance area and the circular pipe inner area. However, data exists only for two
side entrances while in the in-pile loop more entrances are used (see Figure 5.1 for a schematic
of the junctions). The calibrated loss coef cient is within the range provided in [102] and is
therefore deemed reasonable for the geometry of the in-pile loop. Figure 5.7 shows the results
obtained for the second scenario. The temperature of the ramp rig inlet and the ramp rig outlet
mass ow rate are both predicted with good enough accuracy, while the ramp rig and in-pile
loop outlet temperatures are both overpredicted.

Figure 5.7: Comparison of thermal-hydraulics codes prediction with measurement for stan-
dalone THM.
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For the validation metrics, a simple distance between predictions and measurements (see
Eqg. 3.1) is used for localized speci ¢ Qols and speci ¢ time steps (beginning, middle, and
end of scenario). Additionally, due to only one phenomenology being observed (steady-state
scenario), only one interval is considered (i.e. the entire transient) and the mean (see Eq. 3.17)
and standard deviation (see Eg. 3.19) of the temporal validation metrics are computed.

When considering the globalized speci c Qol, i.e. temperature, the RMS (see Eq. 3.12) of
each localized speci c validation metric is used. For the validation scoring, they are based
on current practices using [103] where a few BR2 reactor transient scenarios are investigated.
Before each transient, the reactor steady-state is modeled and predictions of the inlet and
outlet coolant temperatures are compared to measurements. The coolant temperatures during
the pre-transient steady-state are similar to the coolant temperatures during the steady-state
scenario being investigated here as well as for the cold ramp 1, and the difference between
the inlet and outlet is also similar to the temperature difference between the ramp rig inlet
and outlet during the cold ramp test. Therefore, the following score system is used (linear
interpolation in between):

« A score of 5 is obtained when the distance between predictions and measurements is
below 0.25 K for the temperature and 0.25 kg /s for the mass ow rate,

» A score of 4 when the distance is 0.5 K for the temperature and 0.5 kg /s for the mass ow
rate,

» A score of 3when the distance is 0.75 K for the temperature and 0.75 kg /s for the mass
ow rate,

» Ascore of 2 when the distance is 1 K for the temperature and 1 kg /s forthe mass ow rate,

» A score of 1 when the distance is above 1.25 K for the temperature and 1.25 kg /s for the
mass ow rate

The total validation score obtained for each Qol is then computed using the following
equation (obtained from Eq. 4.7):

v=p 1 - 4 (5.2)
-7 1 1 1 1 1 :
WHys sT5tsTsy

where S, to S, are the individual validation scores of each localized speci ¢ Qol. For the transient
validation score, the mean validation score is used. Table 5.7 shows the results obtained for
each validation metric or score with the following notations:

» Triginlet: ramp rig inlet temperature,
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* T rig outlet: ramp rig outlet temperature,

T in-pile outlet: in-pile loop outlet temperature,

 Rig outlet mdot: ramp rig outlet mass ow rate.

These notations will be used for remaining of this chapter.

Table 5.7: Validation metrics for TH Qols. For the entire transient, the mean
are shown as ( ,

deviation

kg/ s for mass ow rate (when applicable).

and the standard

). The validation metrics units are in K for temperatures and

Localized Speci c

Qols

Globalized
Speci ¢ Qols

Globalized All Qols
(per domain)

Speci ¢ time step
(beginning)

Triginlet: 0.19
T rig outlet: 1.03
T in-pile outlet: 1.03
Rig outlet mdot: 8.9e-3

0.84

2.76

Speci ¢ time step
(middle)

0.18

1.03

0.87
5.5e-3

0.78

3.05

Speci c time step
(end)

0.21

0.97

0.85
6.2e-3

0.74

3.25

Entire transient

(0.24,0.04)

(1.05, 0.04)

(0.9,0.07)
(6.7e-3, 1.9e-3)

0.81

2.92

All the validation metrics do not show any strong time dependence, which is re ected in

the small standard deviations, hence reinforcing not using any time intervals for this scenario

which relies on one phenomenology only. Additionally, only the ramp rig inlet temperature
and ramp rig outlet mass ow rate are predicted relatively well by the model leading to small
validation metrics. However, the ramp rig outlet and in-pile loop outlet temperatures are
showing larger discrepancies with the measurements, which is re ected in all the validation

metrics involving them. Due to the discrepancies between measurements and predictions
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being almost time-independent, any improvement of the predictions at the beginning of the
transient would lead to an overall improvement of all the metrics.

5.2.3 Reactor Physics

Finally, for the last single-physics modeling, RP is investigated.

Code Description

Grif n offers the possibility to solve the diffusion equation as well as the transport equation
with SN or PN approaches for xed source calculation, eigenvalue, adjoint, or transient sce-
narios [25, 26]. Due to leveraging the MOOSE nite element mesh capabilities, Grif n allows
one to perform high- delity modeling by using the temperature spatially distribution (using a
coupling with a heat conduction model or Bison model) as well as other feedback variables.
Another important aspect of Grif n is its ability to use continuous nite element CFEM (e.g. at
the boundary between two elements the nodes are shared) or discontinuous nite element
DFEM (e.g. at the boundaries each element has its own nodes). The latter allows GRIFFIN to
achieve higher accuracy of the solution but at a higher computational cost. Finally, MOOSE
solvers can be used but Grif n also has its own set of solvers with acceleration methods such
as coarse mesh acceleration methods or asynchronous parallel sweeper.

Model Development

For reactor physics, only the part of the U-tube descending side facing the R2 reactor core
is modeled, see Figure 5.8. In this 3D model, all structures and coolant channels are modeled
with the rodlet being separated into the fuel part and a homogenized gap—cladding. Vacuum
BCs are implemented on the model's outer surfaces (i.e. the neutrons leaving the domain are
considered "lost") while the incoming neutron current from the R2 reactor on these surfaces is
speci ed. Calculation of the axial shape of the incoming neutron current was performed by the
benchmark team and is used, but the amplitude is not known at the time of writing. Using a RP
- TH - FP coupling, the calibration of the amplitude will be performed using the calorimetric
measurements. In the next modeling step, a coupling with Bison will be developed for multi-
physics modeling, hence a relatively ne mesh for the fuel is used to achieve a similar mesh
size between Grif n and Bison models to accurately exchange spatially distributed variables.

The cross-sections for each material are generated by the benchmark team using Serpent
with a 3D model of the in-pile loop and using the fuel isotopic composition obtained after
depletion of the fuel material [104]. An estimated incoming neutron current on the outer surface
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Figure 5.8: A) Grif n model with the lower part showing the mesh full model scaled by 0.25
axially, B) Grif n model zoomed in on the center (fuel rodlet).

domain is used as an external neutron source and the cross-sections are then parametrized
using the fuel temperature, moderator temperature, and moderator density as follows:

 Fuel temperature: 300 K, 600 K, 900 K, 1200 K, 1500 K, and 1800 K,
» Moderator temperature (water): 300 K, 350 K, 400 K, and 500 K,

» Moderator density: 0.6 g /cm3, 0.8 g/cm3, 0.9 g¢/cm3, 1.0 g/ cm3.

5.3 Multi-Physics Modeling

Using the single-physics models aforementioned, a coupling involving RP, TH, and FP has
been developed which is illustrated in Figure 5.9. Grif n sends the spatially distributed power
density to Bison and receives the spatially distributed temperature from Bison as well as the
axial coolant temperature from THM. Bison and THM exchange the heat ux and the cladding
temperature at the outer cladding surface boundary. At each time step, iteration between each
code is realized until the rodlet power determined by Grif n is fully converged using a 1e-5
convergence criterion. A smaller convergence criterion was investigated and showed that the
coupling was already fully converged using the selected criterion. In this coupling, the contact
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between the fuel pellets and the cladding in Bison is implemented without friction (the fuel
axial elongation is not transmitted to the cladding) for computational reasons, i.e. convergence
problems (in future work, if the convergence problems are solved, then the coupling will be
updated with the latest Bison model and the simulations will be re-run). This hypothesis mainly
impacts the cladding axial elongation, and therefore, using another fuel performance code
(OFFBEAT) with the BCs obtained by the coupling (LHR with axial pro le and cladding outer
temperature) and with friction (friction coef cient of 0.1) is used to evaluate the cladding axial
elongation. The prediction is then compared to the measurement. Because OFFBEAT uses
multiple of Bison physics models and also because the OFFBEAT model has the same BCs
as the Bison model (LHR with axial pro le and cladding outer temperature), this one-way
coupling can provide a reasonable cladding axial elongation for the multi-physics coupling.
Using the full coupling, a total computational time of 42 hours (48 CPUs) is needed to model
the entire cold ramp.

Figure 5.9: Coupling schematic.

The incoming neutron current amplitude not being known, it is calibrated using the coolant
temperature after the fuel rodlet for the coupling. The goal is to predict the difference in
temperature between the inlet and the outlet of the ramp rig due to the rodlet power only that
is used by the calorimetric technique to determine the LHR used by standalone Bison. As seen
in Figure 5.7, THM overpredicts the ramp rig outlet temperature; hence the error introduced
by the code on the ramp rig outlet temperature is rst evaluated and is then subtracted to the
coupling results. Figure 5.10 shows the difference in temperature between ramp rig outlet and
inlet for the measurements and the coupling after calibration. The discrepancies observed at
the beginning of the cold ramp are due to the lack of detailed information on the exact time
of the rodlet insertion in the in-pile loop as well as its speed, but the remaining of prediction
is showing good agreement between measurement and coupling results. The LHR obtained
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by calorimetric technique is then compared to the coupling predictions, see Figure 5.10. The
temporal evolution predicted by the multi-physics model is rising sharply within two seconds
before slowly decreasing due to the temperature feedback, as expected due to the insertion of
the rodlet inside the in-pile in less than 2 seconds. After reaching steady-state, the predicted
LHR is converging toward the calorimetric LHR which is expected to provide a good estimation
of the steady-state LHR as aforementioned (see discussion in Section 5.1.2). This difference
in LHR can be one of the sources of the discrepancies observed between code predictions
and measurements for the cladding axial elongation results obtained with single-physics FP
modeling and shown in Figure 5.6.

Figure 5.10: Measurements and calibration results for the difference in temperature between
ramp rig outlet and inlet and LHR.

As seen by the results obtained for single-physics TH modeling (see Figure 5.7), there are
numerical errors in the predictions of the ramp rig outlet and in-pile loop outlet temperatures.
These errors can be relatively large in comparison to the temperature increase between the
ramp rig inlet and outlet. By modeling the steady-state before the start of the cold ramp
(i.e. no power in the rodlet and the difference between predictions and measurements are
mainly numerical errors), these errors can be estimated. The objective here is to predict the
temperature evolution only due to the rodlet irradiation, therefore, only the temperature
increase due to the rodlet irradiation is compared to the measurements.
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5.3.1 Thermal-Hydraulics - Fuel Performance Coupling

Using the multi-physics coupling developed, a TH - FP coupling followed by one-way
coupling to OFFBEAT is developed and is used to model the cold ramp 1. Due to the lack of
RP coupling, the speci cations LHR (the same LHR used for single-physics FP modeling) is
used. The cladding axial elongation is still evaluated afterward using a one-way coupling with
OFFBEAT (cladding temperature predicted by THM is used as BCs). Table 5.8 shows the results
obtained for each validation metric /score and Figure 5.11 shows the results obtained for each
localized Qol. The cladding axial elongation is denoted as Clad. elon in table 5.8 and the same
validation scores for all Qols are used as aformentioned. Large discrepancies in the cladding
axial elongation are still observed due to the use of LHR speci cations. The latter is also at
the origin of discrepancies between measurements and the ramp rig outlet temperature (and
therefore for the difference in temperature between ramp rig inlet and outlet as well). However,
towards the end of the transient when steady-state is being reached, the predictions are closer to
the measurements for the ramp rig and in-pile loop outlet temperatures. Concerning the ramp
rig inlet temperature and outlet mass ow rate, they are predicted with the same discrepancies
as in the single-physics TH modeling.

The speci ¢ time step validation metrics and scores shows that the cladding elongation is
not predicted with good accuracy but the TH Qols are well predicted. Analyzing interval 1 ( rst
2/ 3 of the transient), the same conclusion hold except for the ramp rig outlet temperature which
shows large discrepancies with the measurements (as seen by the large mean and standard
deviation). These large discrepancies impact the globalized speci ¢ Qol validation metric and
validation score. Concerning interval 2 (remaining 1 /3 of transient), which can be seen as the
start of a steady-state, all the TH Qols are well predicted but not the cladding axial elongation.
Finally, over the enter transient, a similar conclusion as for interval 1 can be reached.

It is important to note that the maximum cladding axial elongation predicted by this cou-
pling is lower than the single-physics prediction of OFFBEAT. This difference is attributed to
the cladding temperature determined by THM and used by OFFBEAT for this case.

5.3.2 Reactor Physics - Fuel Performance Coupling

Similarly to the TH - FP coupling, a coupling between Grif n and Bison using the RP - TH -
FP coupling has been developed, followed by a one-way coupling to OFFBEAT. The inlet coolant
temperature is speci ed in Bison and Bison uses its own TH module to compute the cladding
temperatures. Concerning Grif n, xed TH feedback parameters (coolant temperature and
density) are used. Figure 5.12 shows the cladding axial elongation and Table 5.9 shows the
validation metrics obtained with this coupling.
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Table 5.8: Validation metrics for TH - FP coupling Qols. For the intervals and entire transient,

the mean

and the standard deviation
in K for temperatures and kg /s for mass ow rate (when applicable).

are shownas ( ,

). The validation metrics units are

Localized Speci ¢ Qols

Globalized
Speci ¢ Qols

Globalized All Qols
(per domain)

Clad. elon.: 0.47
Trig inlet: 0.29

Speci ¢ time-ste : _ TH temperature FP: 1
p p T rig outlet: 0.23 only: 0.21 TH: 4.96
T in-pile outlet: 0.0
Rig outlet mdot: 10.7e-3
(0.59,0.16)
(0.29, 0.02)
(0.12, 0.09) TH:3.47
(13.2e-3, 2.5e-3)
(0.55, 0.07)
(0.27,0.03)
Interval 2 (0.35, 0.10) 0.26 FP: 1
(0.04, 0.03) TH:4.84
(12.3e-3, 2.0e-3)
(0.58, 0.14)
(0.27,0.02)
Entire transient (1.00, 0.64) 0.60 FP:1.24
(0.09, 0.08) TH:4.09

(13.0e-3, 2.0e-3)

Table 5.9: Validation metrics for RP - FP coupling cladding axial elongation. For the intervals

and entire transient, the mean

and the standard deviation

areshownas( , ).

: . Globalized Globalized All Qols
Localized Speci c Qols Speci ¢ Qols (per domain)
Speci c time step 0.15 N/A 4.00
Interval 1 (0.07,0.03) N/A 4.76
Interval 2 (0.10, 0.04) N/A 4.46
Entire transient (0.08, 0.04) N/A 4.67
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Figure 5.11: Measurements and predictions the Qols using a TH - FP coupling.
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Figure 5.12: Measurements and predictions the cladding axial elongation using a RP - FP
coupling.

The peak cladding axial elongation is over-predicted by 15%, however during interval 1 ( rst
2/ 3 of the transient) the discrepancies observed between predictions and measurements are
relatively small which is re ected in low mean and standard deviation as well as the validation
score. Concerning interval 2 (remaining 1 /3 of transient), the mean is slightly larger with a
similar standard deviation. Overall, the predictions are in signi cantly better agreement with the
measurements compared to the single-physics FP modeling as shown by the improvement of
all validation metrics /scores. Thisimprovementin the results originates from the power density
being determined by Grif n and sent to Bison, and then used by OFFBEAT. The predicted LHR,
similar to Figure 5.10, is more realistic for the transient being modeled.

5.3.3 Reactor Physics - Thermal-Hydraulics - Fuel Performance Coupling

Using the full coupling (i.e. RP - TH - FP), followed by a one-way coupling to OFFBEAT, the
cold ramp 1 is also modeled and Figure 5.13 shows the predicted results and measurements
while Table 5.10 presents the computed validation metrics /scores. It can be observed that
the fuel axial elongation (maximum, over interval 1, interval 2, and entire transient) is rela-
tively well predicted as seen in the small validation metrics value and the small means and
standard deviations. Concerning TH Qols, validation metrics have low values as well as high
scores re ecting the closer agreement with measurements compared to the previous couplings
modeling. Figure 5.14 shows a representation of the validation score for the entire transient for
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each physics. Because the RP model predictions can not be compared to any measurements,
the validation score of the RP model is therefore 1 to re ect that no evaluation of its accuracy
has been realized.

Table 5.10: Validation metrics for RP - TH - FP coupling Qols. For the intervals and entire
transient, the mean  and the standard deviation  are shownas( , ). The validation metrics
units are in K for temperatures and kg /s for mass ow rate (when applicable).

. . Globalized Globalized All Qols
Localized Speci ¢ Qols Speci ¢ Qols (per domain)
Clad. elon.: 0.05
Speci ¢ fime-ste Triginlet: _0'29 TH temperature FP:5
P P Trig outlet: 0.1 only: 0.18 TH: 4.96
T in-pile outlet: 0.06
Rig outlet mdot: 10.7e-3
(0.13,0.03)
(0.27,0.02)
(0.43, 0.22) TH:4.72
(13.0e-3, 2.4e-3)
(0.03,0.02)
(0.27,0.03)
(0.08, 0.07) TH:4.95
(13.0e-3, 2.0e-3)
(0.09, 0.05)
_ _ (0.27,0.02)
Entire transient (0.23, 0.16) 0.25 FP: 4.49
(0.12, 0.09) TH:4.80
(12.8e-3, 2.2e-3)

Additionally, the cladding outer diameter was also measured before and after the cold ramp
test, and the difference between measurements is within measurement uncertainties. Therefore,
it is concluded that the cold ramp does not lead to any observable plastic deformation. The
cladding outer diameter predicted by the OFFBEAT model with the full coupling BCs varies
by less than 1 m due to the transient scenario, hence allowing the predictions to reach a
similar conclusion as for the measurements. It is important to note that no information on the

100



Figure 5.13: Measurements and predictions for all Qols using a RP - TH - FP coupling.
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Figure 5.14: Validation score of each physics for the full coupling (RP - TH - FP).

environment (temperature and pressure) during the measurements is available. Therefore, a
temperature of 20 C and atmospheric pressure are used in OFFBEAT.

Figures 5.15 and 5.16 show the validation scores for cladding axial elongation at peak
transient and over the entire transient for single-physics, TH - FP, RP - TH, and RP - TH - FP.
Based on the scores obtained, it seems that the RP - FP coupling predictions are not as accurate
as the full coupling, but still provide results with good agreement with measurements for the
cladding axial elongation. Therefore, for uncertainty studies and to reduce the computational
cost, the RP - FP coupling could be used rather than the full coupling, especially for qualitative
analysis such as Morris Screening for example. Also, due to using a one-way coupling to
OFFBEAT, it seems that single-physics FP modeling with the appropriate BCs (LHR with axial
power pro le and cladding temperature) can reproduce the measurements with good accuracy.

Figure 5.15: Cladding axial elongation validation score at peak transient.
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Figure 5.16: Cladding axial elongation validation score over the entire transient.

Another simulation using the TH - FP coupling with one-way coupling to OFFBEAT is
performed but using the LHR and axial power pro le determined by the RP - TH - FP coupling.
Figure 5.17 shows the results obtained and it can be observed that all predictions have been
improved compared to the original TH - FP coupling (Figure 5.11). This supports the conclusion
that the discrepancies observed for the original TH - FP coupling originates from using the

calorimetric LHR.

5.4 Validation Summary
Based on the results obtained for FP and TH, the following conclusions can be reached:

» For FP, the LHR plays a very important role in predicting the cladding axial elongation
measurements re ecting the importance of the RP model in the coupling for this speci ¢
benchmark. Thisis due to the calorimetric technique used to determine the LHR provided
in the speci cations, not being suited for fast transient.

« Additionally, comparing the results obtained using RP - FP couplingand RP - TH - FP
coupling, the maximum relative cladding axial elongation is lower in the latter. In both
cases, the power is predicted by Grif n with similar values (difference below 0.05%) even
though the TH feedback parameters (coolant temperature and density) are xed inthe RP
- FP coupling. This is due to the small variations of the coolant temperature (less than 10
K) during the ramp and the moderator density not varying. Therefore, the discrepancies
observed in the cladding axial elongation between both couplings originate partially
from the cladding temperature calculations. In the RP - TH - FP coupling, the cladding
temperature is calculated by THM while in the RP - FP coupling, it is calculated by Bison
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Figure 5.17: Measurements and predictions the Qols using a TH - FP coupling using the LHR
and axial power pro le determined by Grif n.
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internal TH module. At peak transient, the difference in cladding temperature is 20 K
with the full coupling (RP - TH - FP) having lower values. This shows the importance of
the TH model in the coupling for predicting the FP cladding axial elongation.

» For TH, the involvement of RP to correctly predict the power in the rodlet is very important
as seen by the difference between the TH - FP coupling and the RP - TH - FP coupling
results comparison against measurements. In the former, the ramp rig outlet temperature
is underpredicted by up to almost 2 K and the difference in temperatures between the
ramp rig inlet and outlet is also always underpredicted by a few degree Kelvin. However,
using the RP - TH - FP, the ramp rig outlet temperature is overpredicted at maximum
by less than 1.2 K and the difference in the ramp rig inlet and outlet temperatures is
predicted accurately.

Using the multi-level validation metrics approach allows one to fully understand the dis-
crepancies observed between measurements and predictions. The speci ¢ time step validation
metric is not enough to fully assess the degree to which the multi-physics can model accurately
the experiment. The analyses of each Qol for both intervals provide additional details on the
predictive capabilities of the models for two phenomenologies (i.e. interval 1 corresponds to
a transient while interval 2 is the start of a steady-state). The study of the entire transient all
together does not provide, in this speci ¢ case, additional signi cant insight. In other scenarios,
such conclusions might differ when more than two intervals  / phenomenology are investigated.

The validation scores allow one to get a general /global understanding of the predictive
capabilities of the models when multiple Qols are present. It is therefore more insightful for
TH Qols than for FP Qol for this benchmark exercise.

Concerning globalized speci ¢ Qol, i.e. TH coolant temperature, only three localized mea-
surements are available for comparison with predictions, hence not fully demonstrating the use
of globalized speci ¢ Qol validation metrics. These validation metrics would certainly be more
insightful for quantities with axial and /or radial distributions across multiple rods /assemblies
for example. In other term, the globalized speci ¢ Qols analysis provides more insights when a
signi cant number of localized speci ¢ Qols are present. Such a conclusion, can also be made
for globalized all Qols validation metrics.

Itis very important to note that in this speci ¢ benchmark, no measurements of feedback
guantities are available. Such quantities could provide additional insights into the validation if
compared to measurements.
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CHAPTER

6

APPLICATION OF THE UNCERTAINTY
QUANTIFICATION AND SENSITIVITY
ANALYSIS FRAMEWORK

The UQ and SA framework using low- delity model to inform high- delity model explained

in Chapter 4 Section 4.3.1 is applied to the cold ramp 1 using FAST [89]. Due to the large

computational cost of high- delity modeling, rendering UQ challenging, the framework aims
at identifying input uncertainties having a signi cant impact on the Qols. The four steps of the
framework can be resumed as follows:

* First step: all sources of uncertainties are rstidenti ed and their natures, i.e. aleatoric

versus epistemic, are assessed based on their respective available knowledge. A Morris

screening, a qualitative SA method, is then performed, which allows the identi cation of
in uential inputs on the Qols.

» Second step: a nested UQ is performed using the subspace of in uential inputs. The
epistemic uncertainties, which are propagated in the outer loop, are discretized using a
full factorial grid, while LHS is used for the aleatoric uncertainties in the inner loop. Very
importantly, the same aleatoric sampling at each epistemic grid point is used to allow a
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consistent comparison of the results obtained. Using the collection of CDFs obtained
(one per epistemic grid point), a p-box is constructed.

* Third step: an analysis of the nested UQ results is performed allowing the identi cation
of critical epistemic grid points.

¢ Fourth step: the Sobol method is performed at the selected grid points and the impacts
of each uncertain input on the Qol is quanti ed.

Additionally, a surrogate model is investigated and its accuracy is assessed: (1) using Q?
values on the Sobol sampling, and (2) by comparison of the Sobol indexes determined by direct
Sobol and by the surrogate model.

Using the Sobol method conclusions, epistemic grid points and aleatoric uncertainties of
importance are identi ed and used to perform a more ef cient UQ using a high- delity mode.

Because the study was performed before the latest benchmark speci cations, slightly
different input parameters were used compared to standalone FP modeling studies shown
in the previous chapter: the fuel density was 10.7 g /cm3, the plenum length 185 mm, and
re-sintering density 0.9% theoretical density. The axial power pro le for the cold ramp was also
obtained from [105].

6.1 Input Uncertainties Characterization

A total of 30 input uncertainties have been selected. The values for these uncertainties were
selected based on the literature [77, 78, 105, 106], while some were based on measurements
directly of the R2 reactor. For the aleatoric uncertainties, a normal distribution N( , )with
mean ( ) and standard deviation ( ) was deemed appropriate for this case based on [77, 78,
105, 106]. The author would like to clarify that other distributions can be used if appropriate
evidence supports them. Additionally, to avoid any nonphysical negative value, the aleatoric
parameters are restricted to vary within plus or minus three standard deviations. For the
epistemic uncertainties, aninterval [a, b] was used following the approach discussedin [12]. The
true value of the input / parameter is not known butis believed to be inthe interval  [a, b], with no
value in this interval having a higher likelihood of being the true value. This lack of knowledge
of the true value is mainly due to the impossibility of measuring the input  / parameter directly
for most cases. The values for both uncertainty types are shown in Table 6.1, normalized
or centered around 1. The uncertain inputs abbreviation shown in Table 6.1 will be used
throughout the chapter.

FAST allows the users to directly bias its default material properties and default models'
parameters for the cladding and the fuel. Therefore, the material propertiesand  /or models'
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parameters depending on some state variable(s) (such as temperature) will retain their de-
pendencies while being biased: a multiplication factor will just be applied to them. The fast
neutron ux during both the base irradiation and full ramp test (pre-ramp and cold ramp) was
not considered as uncertain due to lack of information. For the characterization of the inputs
as epistemic or aleatoric, an approach was used where the inputs that we are more con dent
about their uncertainty (due to the availability of direct measurements) are considered as
aleatoric, while all the others as epistemic. Based on this, BCs, manufacturing parameters,
and material properties are treated as aleatoric, while model parameters are epistemic. Itis
important to note that the fuel and cladding thermal expansions could have been considered
as material properties and the gap conductance as a model. The choice of considering ther-
mal expansion as a model and gap conductance as a material property was made because
the objective here is to illustrate the framework, but, a different one could be made with the
previously mentioned changes.

In many FP uncertainties studies, uncertain inputs are treated as independent from one to
another. For this study, the same assumption is assumed.

6.2 Uncertainty Quanti cation Results

Having de ned and characterized the uncertain inputs, and before performing any analysis,
we need to de ne the Qols that will be analyzed. Due to this study focusing solely on the FP
aspect of the cold ramp, the maximum cladding axial elongation predictions during the cold
ramp and the cladding outer diameter predictions after the cold ramp are the two Qols that
will be investigated for the remainder of this Chapter.

6.2.1 Morris Screening

In the rst step of the framework, Morris screening is performed using DAKOTA with the
objective of identifying a smaller subset of in uential uncertain inputs on the Qols [107]. This
smaller subset will then be used to perform the other steps of the framework more ef ciently.

In Morris screening, a random initial point in the uncertain input space is selected, and each
uncertain input is varied one after the other. Another random initial point is selected and the
process of input variation is performed again, and so forth, Elementary effects can then be
computed (see Eq. 3.16) representing each Qol variation for each uncertain input variation.
The mean of the absolute value(see Eq. 3.18) and standard deviation of the elementary effects
are computed. Uncertain inputs having relatively to no impacts on the Qol will have a close to
zero mean and standard deviation. Inputs with signi cant impacts on the Qol will have a larger
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Table 6.1: Uncertain inputs and their respective normalized distributions N(, )or[a,b].
Parameter Distribution Parameter Distribution
Manufacturing uncertainties Material property uncertainties
Fuel outer diameter (fod) | N (1,0.00055 ;t‘i‘;' thermal conductivity | 4 4 0gg)
Cladding outer diameter Cladding thermal conduc-
(cod) N (1,0.00107) tivity (ctc) N (1,0.1177
Cladding thickness (cth) | N (1,0.00142 (ngs)' speci cheatcapacity |\ ( ogeg
Cladding speci c heat ca-
Fuel roughness (froug) N (1,0.0835 pacity (cep) N (1,0.031)
Cladding roughness (croug) N (1,0.2) Gap conductance (cond) N (1,0.0355
Fuel density (rho) N (1,0.0032 BCs uncertaintie
, Coolant pressure base irra-
Enrichment (x) N (1,0.0002 diation (pbi) N (1,0.00333
Initial internal gas pressure Coolant pressure cold ramp
N N (1,0.033 N (1,0.0033
(i) (100338 11 (pra) ( I
Refabrication internal gas Coolant temperature base
pressure (rip) N (1,0.0338 irradiation (tbi) N (1,0.00)
Model uncertainties Coolant temperature cold N (1,0.01)
ramp 1 (trl)
Fuel thermal expansion Coolantmass ow rate base
(fte) [0.794,1.204 irradiation (mbi) N (1,0.01667)
Cladding thermal expan- Coolant mass ow rate cold
sion (cte) [0.926,1.074 ramp 1 (mr1) N (1,0.01667)
Fuel swelling (fsw) [0.548,1.453 | LHR base irradiation (lhrbi) N (1,0.027)
Cladding creep (ccre) [0.568,1.433 | LHR cold ramp 1 (lhrrl) N (1,0.027)
Cladding axial growth (cag) | [0.582,1.418
Cladding yield strength (cys)| [0.922,1.078
Cladding hydrogen (hyd) [0.689,1.311]
FGR (fgr) [0.944,1.0.56
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